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ABSTRACT
Evaluating Satellite-Based Sea Surface Temperatures, In Situ Observations, and Coral
Symbioses in Southwestern Puerto Rico
by
Andrea Michelle Gomez
Adviser: Kyle C. McDonald
I examined the effects of in situ and satellite-based sea surface temperatures (SST) on the
seasonal coral-algae symbiotic relationship in La Parguera, Puerto Rico. Climate change-driven
rising sea temperatures are endangering most of the world’s reefs, which are currently in decline.
Satellite remote sensing datasets support global-scale characterization and monitoring of risks to
reefs associated with increasing temperatures. Corals’ unique symbiotic relationship with
unicellular algae in the family Symbiodiniaceae is largely responsible for helping corals cope with
increasing ocean temperatures, and some corals are able to adjust their symbiont species in
response to temperature disturbances. My research had two components to evaluate how satellite
SST and in situ data corresponded to symbiont shuffling: (1) assessment of in situ temperatures at
the depth of coral reefs with corresponding satellite-based SST datasets, and (2) evaluating the
seasonal coral symbioses community dynamics of Orbicella faveolata and Montastraea cavernosa
using high resolution quantitative PCR. This study involved a combination of fieldwork,
computational analysis, and detailed laboratory work. All three satellite-based SST datasets
evaluated produced a cool bias and represented the temperature at the depth of the corals with
~1°C offset. There were no seasonal differences in the coral symbioses for either species. The
results highlight the need for further in situ and satellite validation studies, and the complexity of
the coral symbiotic relationship. The conclusions will be useful to coral conservation managers
interested in using satellite SST datasets to monitor coral reefs, and marine bioengineering efforts
focused on optimizing the coral symbioses to combat climate change.
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Chapter 1. Introduction
Corals date back to the Cambrian period and have persisted for 500 million years. They
survived previous extinction events, with modern day corals emerging back in the Triassic period,
around 230 million years ago (LaJeunesse et al. 2018). Today, coral reefs cover less than one
percent of the sea floor but are among the most biologically diverse and productive ecosystems on
Earth. Coral reefs provide the world’s economy more than US $30 billion (Cesar et al. 2003)
annually with four main ecosystem services: (1) biodiversity maintenance (e.g., through research,
conservation, and medical potential), (2) coastal protection, (3) tourism, and (4) fisheries (Lachs
and Oñate, 2020). Even though corals have survived for millions of years, the rapid release of
anthropogenic carbon dioxide emissions since the industrial revolution is responsible for the
current global decline of coral reefs (Hughes et al. 2018). The ocean is a major sink for carbon
dioxide and has increased seawater temperatures (Gruber et al. 2019). Climate change is the
greatest threat to coral reefs (Eakin et al. 2018).
Coral reefs can recover from temperature stress, but recovery is often non-uniform and
depends on the species of coral, algal symbiont, and duration and recurrence of the stress. It has
been hypothesized that symbiotic relationship between coral and different unicellular algae species
may relate to spatial irregularities in stress occurrence and recovery; however, data are insufficient
to fully quantify and understand these factors (Oliver et al. 2018). Tropical shallow water reef
building corals live near the upper limit of their thermal tolerance, and a temperature change of as
little as 1-2°C can be detrimental to their health (Coles and Brown, 2003). Laboratory experiments
have established temperature stress can induce symbiont shuffling as an acclimation response by
the coral host (Chen et al. 2003; Cunning et al. 2015; Silverstein et al. 2015; Boulotte et al. 2016).
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However, further research on the dynamics of the coral symbiont community is required to identify
changes associated with temperature stress in field studies (Cunning et al. 2013).
Remote sensing is now widely used to observe Earth’s physical properties and monitor
different ecosystems. Remote sensing uses the electromagnetic spectrum to obtain characteristic
information about Earth (ocean, land or atmosphere) without physical contact (Martin 2014).
Many ocean properties can be observed through remote sensing, including currents, eddies, wave
height, salinity, chlorophyll, temperature, suspended sediments, and dissolved organic matter
(Dierssen et al. 2003; Tzortziou et al. 2007; Le Vine et al. 2010; Dong et al. 2011; BlondeauPatissier 2014; Martin 2014; Tzortziou et al. 2018; Werdell et al. 2018;). In order to monitor coral
reefs on broader (e.g., regional or global) scales, satellites are used because widespread in situ
surveys can be costly and time-prohibitive (Rowlands et al. 2012). However, since satellite-based
sea surface temperature (SST) measurements are only collected from the surface of the ocean, in
situ observations at the depth of the corals (tropical, shallow reef building corals thrive at depths
between 1-18m; Browne and Dunne, 2016), are needed to evaluate and improve the interpretation
of SST remote sensing datasets. This is essential because bias in the satellite SST is known to
occur when measurements are collected from shallow, near-shore locations where the adjacent
land and inconsistent benthic albedo can initiate bias in the satellite-based measurements
(Roelfsema and Phinn, 2010).
While current satellite technology cannot monitor the health of coral reef ecosystems
directly, satellite-derived SST datasets can be used as a proxy for observing coral health because
coral fitness and temperature are directly linked (Hedley et al. 2016). Previous studies have found
that satellite SST measurements may not be representative of coral reef ecosystems found in
shallow coastal waters, and there were significant differences between the in situ observations and
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satellite SST datasets (McClanahan et al. 2007; Castillo and Lima, 2010; Lathlean et al. 2011;
Stobart et al. 2016; Wu et al. 2016; Thakur et al. 2018). The mismatch between measurements
could be because of many factors, including low satellite spatial and temporal resolutions, and the
multifaceted environment in coastal zones (e.g., upwelling, higher turbidity, dissolved organic
compounds from land; Smit et al. 2013; Brewin et al. 2018).
The focus of this dissertation was to use satellite-derived SST to monitor coral symbiont
community changes, by comparing temperatures collected in situ in coral reefs and the
corresponding SST as observed by satellite remote sensing, to investigate seasonal (winter and
summer) coral-algae symbiont populations using high resolution quantitative polymerase chain
reactions (qPCR) analysis. Continuous time series sea water temperatures were recorded in situ at
Cayo Enrique, Cayo Mario, San Cristobal, and Margarita Reefs, in La Parguera, Puerto Rico, and
compared with three remote sensing satellite-based sea surface temperature (SST) datasets: (1)
NOAA’s Coral Reef Watch 5km, daily, global SST product (version 3.1; CoralTemp), (2) the Jet
Propulsion Laboratory’s Group for High Resolution SST (G1SST) 1km, daily, global SST product,
and (3) the UK Meteorological Office’s Operational Sea Surface Temperature and Sea Ice
Analysis (OSTIA) 5km, daily, global SST product (Table 1).
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Table 1. Remote sensing satellite-based Sea Surface Temperature (SST) datasets used in this study
to compare to in situ temperature measurements surrounding coral reef ecosystems in La Parguera,
Puerto Rico.
SST Datasets

Source

Resolution
Spatial
5 km

Resolution
Temporal
Daily

CoralTemp

NOAA/
NESDIS
CRW

OSTIA

UKMO

5 km

Daily

G1SST

JPL
ROMS

1 km

Daily

Day/ References
Night
Night Liu et al., 2017;
ftp://ftp.star.nesdis.noaa.gov/
pub/sod/mecb/crw/data/coral
temp/v1.0/nc/
Day+ Chao et al., 2009;
Night http://marine.copernicus.eu/s
ervices-portfolio/access-toproducts/?option=com_csw&
view=details&product_id=S
ST_GLO_SST_L4_NRT_O
BSERVATIONS_010_001
Day+ Donlon et al., 2012;
Night https://podaac.jpl.nasa.gov/d
ataset/JPL_OUROCEANL4UHfnd-GLOB-G1SST

These data were assessed in conjunction with coral tissue samples collected during winter
and summer 2019 in La Parguera from two dominant reef-builders, Orbicella faveolata and
Montastraea cavernosa, to observe the seasonal symbiont community identity and density
determined by using high resolution qPCR.

1.1 Goals
The overarching goals of this research were to determine which remote sensing SST
dataset best predicts temperatures at the depth of coral reef ecosystems, to evaluate seasonal
coral symbiosis community dynamics in La Parguera, Puerto Rico. The four goals of this thesis
are as follows:
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1. To increase the quantity and coverage of in situ temperature data surrounding the corals in La
Parguera, Puerto Rico.
a. What is the temperature regime surrounding corals at different depths and locations?
2. To assess differences among satellite-based sea surface temperature datasets of coral reefs found
at depth in La Parguera, Puerto Rico.
b. Can satellite-based SST datasets be used to estimate temperature at the depth of coral
reefs to an accuracy of ~1°C, as needed to monitor coral health?
3. To determine an appropriate statistical model to predict in situ temperature measurements using
satellite-based SST datasets as a predictor.
c. Can the model accurately predict the in situ temperature at depth using satellite SST
data?
4. To use high resolution quantitative PCR to examine the seasonal coral-algae symbiont
community dynamics, in Orbicella faveolata and Montastraea cavernosa in La Parguera, Puerto
Rico.
d. Will there be seasonal changes in the coral symbioses of O. faveolata and M. cavernosa?

1.2 Project Outcomes
My thesis research provides: 1) novel time series sea water temperature measurements
collected in situ at varying depths in coral reef communities in La Parguera, Puerto Rico, to help
fill the in situ environmental data gap; 2) statistical comparison of these in situ measurements
against satellite-based SST datasets to assess how representative different remote sensing SST
products are of corals at depth; and 3) further understanding of the complexity of the seasonal algal
symbiont shuffling by conducting qPCR analysis to measure seasonal symbiont dynamics for O.
faveolata and M. cavernosa. Before this study, there were no data on the seasonal symbiont
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community for O. faveolata and M. cavernosa in La Parguera. Previous qPCR work on the
symbiont community composition of O. faveolata and M. cavernosa had only been analyzed in an
experimental setting by Cunning et al. (2015) and Silverstein et al. (2015) from samples taken in
the Florida Keys. Ultimately, this dissertation links understanding of remote sensing SST and
subsurface temperatures measured in situ at coral reefs in La Parguera and provides seasonal
abundance measurements of O. faveolata and M. cavernosa symbiont communities.
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Chapter 2. Background
2.1 Remote Sensing Sea Surface Temperatures
Numerous physical and biological Earth system processes are impacted by a vital
geophysical parameter: sea surface temperature (SST). The health of coral reefs depends on many
physical environmental factors including temperature, light, turbidity, wind speed, and water
chemistry. The association between increased temperatures and stress to corals in the form of
bleaching, was demonstrated in the 1990s (Glynn et al. 1990). Seawater temperature is one of the
stress environmental variables that can be directly detected remotely. This link between
temperature and coral stress has allowed for global monitoring of coral reefs, without conducting
extensive in-water surveys (Hedley et al. 2016).
There is significant demand for gap-free, global, high spatial and temporal resolution SST
data. Satellite SST measurements from radiometers are derived from calculating the thermal
energy emitted by the surface of the ocean. This surface radiation released by the ocean passes
back through the atmosphere and is recorded by the orbiting sensor. The raw data is modified by
passage through the atmosphere, hence complex algorithms are required to correct for atmospheric
interference, emission, and scattering to produce valid estimates of surface radiance (Emery et al.
2001). The corrected surface radiance values, along with additional measurements collected from
the sensors, including atmospheric radiation, reflected solar radiation, and surface emissivity, can
then be used to compute sea surface temperature values (Njoku 1990).
Starting in the early 1970’s, environmental satellites carrying infrared radiometers were
primarily used for meteorological purposes, but they also contained channels to observe low
atmospheric absorption, which could be used to determine SST (Brower et al. 1976). In 1981,
with the launch of the first Advanced Very High Resolution Radiometer (AVHRR) by NOAA,
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infrared satellites began collecting significantly improved SST (McClain et al. 1983). The satellite
microwave radiometer SST record began in 1997, with the launch of the Tropical Rainfall
Measuring Mission (TRMM) Microwave Imager and has continued with the later launch of the
Advanced Microwave Scanning Radiometer for the Earth Observing System, using the 6 – 10 GHz
bands (AMSR-E; Wentz et al. 2000).
Both infrared and microwave SST measurements have advantages and disadvantages.
Infrared SST has a much finer spatial resolution at ~1- 4km, compared to microwave at ~50km
(Gladkova et al. 2016). Infrared also has a higher accuracy (0.3-0.4 K rms), with microwave having
a lower accuracy at 0.5-0.5 k rms (Harris and Saunders, 1996; Gentemann et al. 2004). However,
infrared retrieval sensors are limited, because they cannot receive data in the presence of clouds,
and data can be compromised by atmospheric aerosols, solar contamination, and water vapor
(Brown and Minnett, 1999; Merchant et al. 2006; Le Borgne et al. 2011). Even though passive
microwaves have a lower spatial resolution, they can retrieve data in almost any weather condition
except rain. Microwave sensors are not only low resolution, but the accuracy of their
measurements depends on wind speed, which decreases when the measurements are collected by
large thermal contrasts, such as by ice or land. This can introduce significant error sources and
uncertainty (Gentemann et al. 2004; Alerskans et al. 2020). Since cloudy regions often occur with
strong ocean frontal boundaries, blending the infrared and microwave SST retrievals seemed like
an optimal solution to balance out their strengths and weaknesses.
In addition to understanding the benefits of infrared and microwave SST sensors, it is
important to distinguish the orbit of the satellite that carries the sensor. Geostationary (Geo) and
Low Earth Orbit (LEO) are commonly employed. Both orbits have benefits and drawbacks. Polarorbiting satellites in LEO provide much higher spatial resolution because they are closer to earth
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(low altitudes between 200 – 1000km) and move with respect to the earth’s surface; however, they
provide low temporal coverage (Maturi et al. 2008). Satellites in geostationary orbit provide
continuous observations over a large portion of Earth’s surface, but generally have reduced spatial
resolution (altitude ~36,000 km; Le Traon et al. 2015).
When using remote sensing datasets, it is also important to consider different processing
levels, referred to as Level 0 to 4 (Table 2). The raw data, at full instrument resolution are Level
0, with Level 4 data being the geophysical variables derived from models and analyses using lower
level data (Dash et al. 2012). Level 4 data are optimal for global SST datasets because it is gap
free, and usually available daily, both of which are important characteristics when using satelliteSST to monitor marine processes and ecosystems. The three satellite SST datasets that I compared
to in situ data are all Level 4. The following paragraphs provide details of each satellite-based SST
utilized in this research.
Table 2. Various levels of data processing ranging from Level 0 to Level 4 (Ramapriyan 2015).
Data Level
Level 0
Level 1A
Level 1B
Level 2
Level 3
Level 4

Description
Full resolution, reconstructed, unprocessed instrument and payload data, with
any and all communications artifacts
Full resolution, reconstructed, unprocessed instrument data, time-referenced,
and annotated with ancillary information (e.g., georeferencing parameters)
Level 1A data that have been computed into sensor units.
Derived geophysical variables at the same resolution and location as Level 1.
Geophysical variables mapped on uniform space-time grid scales.
Model outputs/results from analyses of lower-level data.

Group for High Resolution Sea Surface Temperature (GHRSST)
These SST measurements are collected by the JPL OurOcean Group, and are calculated by
combining infrared and microwave SST data at 1km spatial resolution. This complex, global SST
dataset, known as the Global 1 km SST (G1SST), combines satellite data from the following
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sensors (Table 3): Advanced Very High Resolution Radiometer (AVHRR), the Advanced Along
Track Scanning Radiometer (AATSR), the Spinning Enhanced Visible and Infrared Imager
(SEVIRI), the Advanced Microwave Scanning Radiometer-EOS (AMSRE), the Tropical Rainfall
Measuring

Mission

Microwave

Imager

(TMI),

the

Moderate

Resolution

Imaging

Spectroradiometer (MODIS), the Geostationary Operational Environmental Satellite (GOES)
Imager, the Multi-Functional Transport Satellite 1 R (MTSAT -1R) radiometer, and finally in situ
data from drifting and moored buoys. The final SST dataset is created using a two-dimensional
variational blending algorithm on a global 0.009 degree grid (Chao et al. 2009).
Table 3. The satellite SST data used to derive JPL’s Level 4, global, 1 km SST (G1SST; Chao et
al. 2009).
SATELLITE
GOES
NOAA
TERRA
AQUA
TRMM
AQUA

SENSOR
GOES Imager
AVHRR
MODIS
MODIS
TMI
AMSR-E

SENSOR TYPE
IR
IR
IR
IR
MW
MW

RESOLUTION
6 km
2 km
1.6 km
1.6 km
25 km
25 KM

Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA)
This system produces a global, 5km-resolution SST analysis from the UK Meteorological
Office. The satellite SST data used by OSTIA is provided by GHRSST; however, this dataset uses
a variant of the optimal interpolation algorithm described by Martin et al. (2007). Similar to the
G1SST though, OSTIA SST also comprises both infrared and microwave SST radiometers, and in
situ data. The OSTIA SST dataset is comprised of SST data from these sensors (Table 4):
ENVISAT AATAR (European Space Agency; infrared), AVHRR – LAC (EUMESAT; infrared),
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AVHRR – GAC (NAVOCEANO; infrared), Metop AVHRR (infrared), MSG SEVIRI (infrared),
Aqua AMSR – E (microwave), and TRMM TMI (microwave; Donolon et al. 2012).
Table 4. The satellite SST used to derive the Level 4 OSTIA SST dataset (Donolon et al. 2012).
SATELLITE
AATSR
EUMESAT
NAVOCEANO
METOP
SEVIRI
AQUA
TRMM

SENSOR
ENVISAT
AVHRR
AVHRR
AVHRR
MSG
AMSR-E
TMI

SENSOR TYPE
IR
IR
IR
IR
IR
MW
MW

RESOLUTION
1.1 km
0.1°
1.1 km
1.1 km
0.1°
25 km
25 km

NOAA’s Coral Reef Watch (CRW)
“CoralTemp”, is a daily, global 5km satellite SST dataset produced by NOAA’s CRW
program (Liu et al. 2017). The CRW program has been developing free coral reef monitoring SST
products since the 1990s (Strong et al. 1997). Currently, CRW has established a suite of near realtime satellite SST-based products to monitor heat stress globally on coral reefs. The 5km SST data
used by CRW is produced by NOAA’s office of National Environmental Satellite, Data, and
Information Service (NESDIS). This SST dataset is a combination of geostationary and polar
orbiting satellites from U.S., Japanese, and European infrared imagers. The polar-orbiting
instrument is a Advanced Very High-Resolution Radiometer (AVHRR), which is currently being
carried onboard Metop-B, and the Visible Infrared Imaging Radiometer Suite (VIIRS) on the
Suomi National Polar-Orbiting Partnership (S-NPP) platform. Both of these instruments take
images twice a day. The geostationary instruments used for this SST dataset take up ninety-six
images a day and include the Geostationary Operational Environmental Satellite (GOES) Imager
(GOES West and East), Himawari 8, and Meteostat 11. The satellites used to derive CoralTemp
SST data can be seen in Table 5. It is this combination of geostationary and polar-orbiting satellites
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that allows CRW to produce near real-time, daily, global, 5km SST data and bleaching products.
Unlike the other two, CRW SST are infrared measurements taken at night. CRW uses night-only
measurements because this helps to reduce the diurnal temperature fluctuation biases that would
occur if both day and night measurements were used (Liu et al. 2017). An example of all the
satellite SST data for the Caribbean region on April 1st, 2019 can be seen in Figure 1.
Table 5. The satellite SST used to derive the Level 4, Coral Reef Watch SST dataset (Donolon et
al. 2012).
SATELLITE
METOP-B
S-NPP
GOES
HIMARI 8
METEOSTAT 11

SENSOR
AVHRR
VIIRS
West and East
AHI
MSG

SENSOR TYPE
IR
IR
IR
IR
IR
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RESOLUTION
2 km
750 m
1 km
0.5 km
3 km

Figure 1. Examples of SST data for CoralTemp (5km), OSTIA (5km), and the G1SST (1km) of
the Caribbean on April 1st, 2019.
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While satellite SST retrieval today has improved significantly, it is still important for
continuous global validation of the satellite-based SST measurements with in situ instruments.
Since the SST recorded from satellites is only measuring the skin (~10 μm) or subskin (bottom of
the skin) of the ocean surface because of sea water’s high emissivity, caution should be exercised
when using satellite SST to monitor marine ecosystems found at different depths in the ocean
(Donlon et al. 2002). There are many studies focused on comparing satellite and in situ ocean
temperature measurements (Schluessel et al. 1987; Casey and Cornillon, 1999; Wellington et al.
2001; Emery et al. 2001; Gentemann et al. 2004; Ming-An et al. 2005; Castillo and Lima, 2010);
Reynolds and Chelton, 2010; Stobart et al. 2016; Hirahara et al. 2019). Most of these studies
compare the two measurements with statistical analyses, including correlation tests, computing the
bias (satellite – in situ value), standard deviation, and root mean square error. From previous
studies, satellite recorded SST are known to possess cold biases, especially at high latitudes, and
there is usually a mismatch in the measurements near the poles and upwelling regions (Gentemann
and Chelle, 2014; Banzon et al. 2020; Meneghesso et al 2020).
Previous research evaluating temperature at coral depths 1-18m has found that satellite
SST values are negatively (cool) biased (Castillo and Lima, 2010; Thakur et al. 2018). However,
research evaluating satellite-based SST to assess how representative the temperature
measurements are at the depth of coral reef ecosystems are uncommon, and further case studies
are required. Additionally, studies evaluating the accuracy of NOAA’s CRW SST are even more
uncommon, even though it’s widely used to monitor coral reefs and bleaching events (Heron et al.
2014). The existing studies assessing CRW SST have consistently found that satellite SST
measurements were cooler than the actual in situ data (Hendee et al. 2002, Strong et al. 2002;
Baldwork et al. 2014; Mohammed et al. 2016). It is important to have accurate global satellite SST
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datasets for global coral reefs monitoring, and locating areas with favorable temperature regimes,
which could serve as refugia for coral reefs as they continue to decline because of climate change
(Carter et al. 2020).

2.2 The Coral Symbioses
Coral reefs can be considered part animal, part plant, and part mineral. They are composed
of individual animals, called polyps, and are formed by colonies of these polyps, held together by
a living tissue and calcium carbonate skeleton (Spalding et al. 2001; Figure 2). Coral reefs provide
numerous benefits to society including coastline protection, recreation, fishing, and medicine
(Hughes et al. 2003). Tropical reef-building shallow water corals have a unique, complex,
symbiotic relationship with algal dinoflagellates in the family Symbiodiniaceae (Figure 3). This
mutualistic relationship is believed to have contributed to the evolutionary success and diversity
of coral reefs (LaJeunesse et al. 2018). In addition to the algae symbiont providing the coral with
up to 95% of its metabolic needs (in the form of fixed inorganic carbon), and allowing it to thrive
in nutrient-depleted waters, this partnership with the zooxanthellae is also believed to be essential
to the coral’s resilience to bleaching (Hoegh-Guldberg et al. 2007). In exchange, corals provide
their symbionts safety and essential nutrients, such as nitrogen. Recently, through phylogenetic
and genomic research, scientists now believe the “clades” are genera (LaJeunesse et al. 2018).
Clades are different types of symbiont species. Different coral species harbor different
Symbiodiniaceae genera, and this family is quite diverse. Six new genera have been proposed
(previously known as clades A, clade B, etc.), with Durusdinium (clade D) being recognized as
the most thermally tolerant genus (Baker 2003; Fabricius et al. 2004; Pochon and Gates, 2010;
LaJeunesse et al. 2018). Clades A-D are the most commonly coral-associated symbionts (Baker
2003).
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Figure 2. Anatomy of a coral polyp. Coral reefs comprise hundreds to hundreds of thousands of
individual polyps interconnected by living tissue that secretes a calcium carbonate skeleton
(Encyclopedia Britannica, Inc, 1999).

Figure 3. Different coral species with the algae symbiont magnified. The symbiont is responsible
for giving corals their perceived colors (LaJeunesse et al. 2018).
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The new systematic classification refers to clade A as Symbiodinium, clade B as Breviolum,
clade C as Cladocopium, and clade D as Durusdinium (Figure 4; LaJeunesse et al. 2018). The
genus Symbiodinium contains species that are adapted to variable light conditions and range from
symbiotic to opportunistic. The genus Breviolum is primarily associated with cnidarians, are the
smallest in the family in terms of cell size, and are able to live at variable depth ranges and highlatitude coastal habitats. The genus Cladocopium is the most diverse and abundant and are adapted
to a wide range of temperatures and light conditions. Finally, the genus Durusdinium is host to
number of species that are known extremophiles and can survive in locations with large
temperature and turbidity variation (LaJeunesse et al. 2018).

Figure 4. Proposed new classification of the family Symbiodiniaceae, with six new genera
(LaJeunesse et al. 2018).
17

Coral Bleaching
Bleaching can occur when the coral and symbiotic algae experience stress (such as
temperature fluctuations or ocean acidification), and their symbiotic relationship shifts from being
mutualism to parasitism. Algae that are no longer beneficial to the cnidarian may be expelled or
lose its chlorophyll, making visible their calcium carbonate skeleton, which produces a white,
bleached appearance (Baker et al. 2004; Figure 5). Understanding bleaching in corals is complex
and variable, and ultimately depends on the species of coral, its symbiotic algae, location, and
environment (Baker et al. 2008).

Figure 5. Diagram of thermal coral bleaching (adapted from Marshall and Schuttenberg, 2006,
Figure 1.3 on page 7).
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A single coral colony may contain several genera of Symbiodiniaceae algae, depending on
solar irradiance and depth (Kemp et al. 2015, Boulotte et al. 2016). To adapt to environmental
changes, such as thermal stress, flexibility of the algal-coral association has been suggested as a
coping mechanism, known as the “Adaptive Bleaching Hypothesis” (ABH; Buddemeier and
Fautin, 1993). The ABH states that corals have the potential to modify their symbiont communities
when facing stress by either (i) obtaining resistant genera from free algae present in the
surrounding environment (switching symbionts) or (ii) reorganizing pre-existing backgroundresistant genera (shuffling symbionts; Putnam et al. 2012). Approximately 23% of all known coral
are believed to be able to shift symbionts when stressed, obtaining temporary symbionts that are
more tolerant to particular stressors (LaJeunesse et al. 2010). According to Putnam et al. (2012)
there are traits in corals (e.g., growth, lifespan) that can make them classified as either generalist
or specifist regarding their symbiont associations. Generalist are coral’s that have a higher
flexibility in their association with different symbiont genera, (e.g., Acropora), whereas specifist
coral tend to only associate with distinct algal genera, (e.g., Porites; Putnam et al. 2012). Fast
growing branching corals are also known to be more susceptible to bleaching, while massive,
boulder coral species are more resistant to bleaching, and few entire colonies die (Baird and
Marshall, 2002). These observations have led some scientists to believe that the future reefs will
be composed of hardier, slow-growing massive species, instead of the fast-growing, branching
coral species.
To identify specific symbiont genera, polymerase chain reaction (PCR) amplifies marker
loci. Targeting the internal transcribed spacer region (ITS), consisting of ITS1, 5.8S, and ITS2,
exhibits finer phylogenetic resolution, and is the most commonly used to assess symbiont diversity
(Ziegler et al. 2017a). This is because there are multiple copies of rDNA genes in the genome, and
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they are relatively short: 180-320 base pairs. This combination of characteristics allows the ITS2
region to be easily detected and amplified, even if the DNA is slightly degraded (Yao et al. 2010).
However, there are issues associated with using the ITS2 region: 1) it can’t fully distinguish
between different symbionts in highly diverse genera, such as Cladocopium; and 2) and it is unable
to detect symbionts constituting less than 5-10% of the coral algal population (LaJeunesse 2002;
Quigley et al. 2014).
Recent advances suggest that it is not only important to identify the genus of the symbiont,
but also their abundance (Baker and Cunning, 2013; Cunning et al. 2015; Silverstein et al. 2015).
Using quantitative PCR (qPCR) to quantify the abundance of the symbionts provides a 1,000 to
10,000-fold increase in the detection sensitivity of the algal genera, and also allows for more
detailed observation of the dynamics in symbiont shuffling (Mieog et al. 2007). This new
technique allows for visualization of low-frequency ITS2 variation (Bay et al. 2016). It was
previously difficult to measure the abundance of different symbionts due to the multi-copy nature
of ITS markers, but advances using markers with a lower copy number, such as actin normalized
to the coral host cells, has improved this (Mieog et al. 2007; Cunning and Baker 2013). Cunning
and Baker (2013) demonstrated that symbiont density affects the susceptibility of corals to
bleaching, and that Durusdinium is the most thermally tolerant genus, helping corals resist
bleaching. They found that corals with higher densities of algal symbionts were more prone to
bleaching, and that seasonality played a role in the regulation of symbiont densities. Higher
symbiont densities can become a liability to corals when they are bleaching because the symbionts
produce toxic oxygen radicals that can lead to cellular damage in the coral. The authors suggest
that the seasonal loss of symbionts could actually be a regulatory mechanism to reduce the
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susceptibility of the coral to bleaching in the future, instead of the loss of symbionts due to
photoinhibition (Cunning and Baker, 2013).
While much attention has been given to identifying the coral-algae symbiont, there is a
little information regarding the symbiont density. It is hypothesized that the coral symbiont
abundance is equally important in determining a coral’s ability to acclimatize to environmental
changes, and that the density of the symbiont will fluctuate seasonally to increase resilience
(Cunning et al. 2015). The symbiont community composition of Orbicella faveolata has been
explored using qPCR in an experimental setting by Cunning et al. (2015), but the symbiont
community has not yet been analyzed from samples taken in the field during the winter and
summer in La Parguera, Puerto Rico. The same is true for Montastraea cavernosa, where
Silverstein et al. (2015) conducted laboratory experiments and used qPCR to analyze symbiont
dynamics.
The mechanisms involved in coral bleaching continue to be documented as experimental
studies advance worldwide (Baird et al. 2009). It is known that increased temperatures and light
are responsible for preventing the coral’s algae from processing light (photoinhibition) by
damaging the photosynthetic systems of the zooxanthellae (Brown and Dunne, 2015). Coral
bleaching by heat stress involves the production of excess reactive oxygen species, which are toxic
and contribute to oxidative damage, leading to metabolic dysfunction and sometimes the expulsion
of the symbiotic zooxanthellae (i.e., bleaching). Depending on the duration of the heat stress, it
can ultimately cause death (Downs et al. 2002). However, there is great variability among and
within coral species in their responses to bleaching; some colonies, or even parts of the colony,
can experience complete bleaching while neighboring colonies or tissues can appear unaffected
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(Glynn et al. 2001). A coral’s past thermal environmental history and its symbiotic algal clade are
both believed to play roles in a coral’s bleaching susceptibility (LaJeunesse et al. 2010).
Coral bleaching is a natural phenomenon. Coral bleaching was first reported in field
observations in 1914 and was first observed on the Great Barrier Reef in 1929. However, over the
past 30 years, the rate of bleaching outbreaks has increased dramatically (Wellington et al. 2001).
Mass coral bleaching is defined as coral bleaching occurring at scales of 100km or more. The first
mass coral bleaching event was documented in 1982 - 1983 and coincided with a strong El Niño
event. Then came the most severe bleaching event on record, in 1997-1998, which constituted the
first global bleaching event, and again, coincided with a very strong El Niño. Many parts of the
world experienced increased seawater temperature of 3-5°C, with bleaching being reported from
over 50 countries (Wilkinson 2004). The bleaching affected reefs all over the world, including
many locations in the Indian Ocean, west and east Pacific, Caribbean, and Atlantic.
The Caribbean Sea region was hit especially hard during this bleaching event, with reports
stating that 60-80% of all coral colonies were affected, with the anomalous warm seawater
temperatures peaking during August and September 1998, and lasting until November. Severe
bleaching affected Puerto Rico from July to September 1998. Some of the worst bleaching
occurred in Belize and the Cayman Islands. In the end, about 16% of the world’s corals were lost
after this major bleaching event (Goreau et al. 2000). The death of coral colonies also has profound
effects on other marine species. When scientists compared before and after video transects taken
in the Seychelles and Maldives, they found the invertebrate populations to be significantly
depleted. Fish populations are also expected to decline after mass bleaching events, which can hurt
the fishing industry and people whose livelihoods depend on them. This first global bleaching
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event in 1997/98 revealed the need for additional marine protection areas and stressed that
reversing global warming is critical (Goreau et al. 2000).
After the first major global bleaching event, most coral colonies had a few years to recover;
however, the Caribbean was struck by another tremendous bleaching event soon after. In 2005, the
Caribbean experienced a mass-bleaching event that resulted in 80% of the corals bleached, and of
those bleached, 40% of the corals died. In southern Florida, over 50% of all coral species bleached
along the Florida Keys reef tract (Wagner et al. 2010). During this bleaching event, the Caribbean
experienced regionally averaged thermal stress that was the warmest recorded in over 150 years
(Eakin et al. 2010). In addition to the Caribbean being susceptible to severe bleaching, this region
is also considered a “disease hot spot” because of the high prevalence and appearance of coral
diseases (Weil 2004).
The second global bleaching event occurred in 2010, with a less powerful El Niño
beginning in 2009, which continued into early 2010, and then it oscillated to the strongest La Niña
event since the mid-1970s. In May 2010, a major temperature anomaly began which lead to mass
coral bleaching in South East Asia. This bleaching event caused an initial estimated mortality
between 10-90% on corals in Indonesia, Malaysia, and Thailand, and also lead to a severe coldwater anomaly in Florida that caused unprecedented rapid mortality (Tun et al. 2010; Lirman et al.
2011). The second global bleaching event was apparently not as severe as the 2005 bleaching event
in the Caribbean, but massive coral loss was reported at Los Roques, in Venezuela (Bastidas et al.
2012). Mass bleaching was also reported along central and southern Western Australia, and was
again linked to extreme La Niña conditions (Moore et al. 2012). In the central Red Sea, near
Thuwal and Saudi Arabia, it was surprising that a major bleaching event was also occurring in the
summer of 2010. The reefs in these locations were generally thought to be more tolerant to heat
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stress because they already experience an extreme seasonal temperature shift, but this bleaching
event demonstrated that the Red Sea corals were also subject to increasing pressures that other
reefs face worldwide (Furby et al. 2013). However, coral populations that bleached from the
previous global bleaching event were able to adapt and/or acclimatize to the thermal stress (Guest
et al. 2012). In the western Gulf of Thailand, researchers found that some coral species were more
resistant to bleaching in 2010 than in 1998 (Sutthacheep et al. 2013). The second global bleaching
event wasn’t as detrimental worldwide as the first, but it caused significant damage to some reef
locations. This event again stressed the need for further coral conservation, and a reversal of
climate change.
In October 2015, the US National Oceanic and Atmospheric Administration (NOAA)
declared the third global bleaching event. This bleaching episode was set in motion with an
anomalously warm water pool in the eastern Pacific, called “The Blob,” which expanded over the
Hawaiian archipelago, and then further advanced with the help of the 2015-2016 El Niño (Figure
6).

Figure 6. Warmer ocean anomalies (red), which are characteristic of El Niño’s can be seen in the
central Pacific during the 1997 and 2015 global bleaching episodes. “The Blob” can be observed
in the 2015 image (right), in the upper eastern Pacific (NOAA).
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Coral reefs in Samoa, the Mariana Islands, Kiribati, portions of the Coral Triangle, and
Micronesia, are just some of the locations that were impacted by this bleaching event (Figure 7).
During this global bleaching event, 72% of the world’s coral reefs were exposed to high
temperatures that could cause bleaching and/or mortality (Eakin et al. 2017). In 2016, bleaching
was extremely detrimental to corals on the Great Barrier Reef. The northern regions were hit the
hardest, with only 8.9% of the 1,156 surveyed reefs observed with no bleaching (Hughes et al.
2017). When corals bleach, they usually die slowly from starvation, but during this bleaching event
on the Great Barrier Reef, scientists witnessed corals dying instantly, cooked to death in hot
seawater. The bleaching on the Great Barrier Reef could actually have been worse, but the southern
part of the reef was saved by Cyclone Winston in February 2016, which cooled down the seawater
by 3°C. Otherwise, scientists predict the entire reef would have bleached (Hughes et al. 2017).
Other regions suffered considerable coral loss as well. The Maldives experienced a
decrease in coral cover by an average of 75%, and the main Hawaiian Islands reported corals
suffering up to 90% bleaching (Perry and Morgan, 2017; Ku’ulei et al. 2017). Some coral locations
were able to survive the increased seawater temperatures in 2015, but then succumbed in 2016 to
severe bleaching. This was witnessed in New Caledonia, where the corals didn’t experience much
bleaching in 2015, but then bleached badly in 2016, as the warm seawater temperatures persisted
(Eakin et al. 2018). In early March 2017 in the Western Indian Ocean, bleaching heat stress was
reported to have developed again, and persisted into mid-April. The global bleaching event ended
in June 2017, leaving many of the world’s reefs in devastating conditions.
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Figure 7. The Third Global Bleaching Event effected coral reefs worldwide from June 2014 to
May 2017. The different alert level colors correspond to coral health and bleaching: No Stress =
corals are not experiencing temperatures that could cause bleaching; Watch = temperatures are
increasing; Warning = temperatures are now at levels to trigger possible bleaching; Alert Level 1
= bleaching likely; and Alert Level 2 = bleaching and mortality likely (NOAA CRW).
Overall, even though the third global bleaching event wasn’t as strong as the 1997-1998
event, it affected more coral reefs worldwide than previous bleaching events, and caused record
thermal stress in some areas that have now experienced bleaching for the first time (Eakin et al.
2016). From the global bleaching events, coral recovery was non-uniform, and this has prompted
scientists to try and figure out why. Current research is now mainly focused on coral recovery, and
if it’s dependent on abiotic (e.g., temperature, salinity), and/or biotic factors (e.g., algae symbiont,
microbiome). The most important aspect learned from the global bleaching events is that corals
are complex, and in order to fully understand how they recover, assessment of the entire coral
holobiont is needed, including the coral host, symbiotic algae, and associated microorganisms
(Thompson et al. 2015; Eakin et al. 2018).
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Chapter 3. Comparison of Satellite-Based Sea Surface
Temperature to In Situ Observations Surrounding Coral
Reef Ecosystems in La Parguera, Puerto Rico
3.1 Background
In the last few decades, a combination of biotic and abiotic stressors has resulted in
significant declines in reef expanse and diversity. Climate change and associated increasing ocean
temperatures have resulted in heat stress being identified as one of the greatest threats to coral reef
health (Hoegh-Guldberg et al. 2007; Anthony 2016; van Hooidonk et al. 2016). Further,
zooxanthellae experience photoinibition as a result of elevated temperature and light exposure,
which damage their photosynthetic systems (Brown and Dunne, 2015). Coral bleaching by heat
stress involves the production of excess reactive toxic oxygen species which contribute to
oxidative damage and lead to metabolic dysfunction and sometimes the expulsion of the symbiotic
zooxanthellae (i.e., bleaching). Depending on the duration of the event, heat stress can ultimately
cause coral death (Downs et al. 2002; Cunning et al. 2017; Hughes et al. 2018).
Unusually warm sea surface temperatures in the Atlantic were also one of the driving
factors for the incredibly active 2017 Atlantic hurricane season, with ten hurricanes occurring in
succession, starting from June 1st, 2017, and ending in October (Camp et al. 2018). While
Hurricane Maria, which directly passed through Puerto Rico on September 20th, 2017 (Figure 8)
was devastating for humans and animals on land, it also destroyed some of Puerto Rico’s shallow
back reef areas (mainly Acropora and Porites thickets), and wiped out 100% of the coral nurseries
surrounding the island (Ernesto Weil, personnel communication; Reardon, 2018).
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Figure 8. Infrared image from NOAA of Hurricane Maria passing directly though Puerto Rico on
September 20th, 2017.
Local monitoring of coral reefs by snorkeling or scuba diving provides important detailed
information regarding reef health at small scales, but resource limitations restrict coverage and
repeatability of such monitoring to a small proportion of coral reefs globally. The ability to utilize
remote sensing techniques to survey corals on broader geographic scales is therefore critical for
assessing the effects of anthropogenic climate change in remote or inaccessible areas. Efforts to
monitor coral reef environmental conditions in near-real-time on broader (e.g., regional or global)
scales currently rely on satellites because extensive in situ surveys can be cost and time-prohibitive
(Rowlands et al. 2012). However, in situ observations at the surface of the ocean as well at the
depth of the corals are needed to evaluate and improve the accuracy of remote sensing datasets,
especially in the shallow, near-shore reef zone where adjacent land and highly variable benthic
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albedo can introduce bias in satellite-based measurements (Roelfsema and Phinn, 2010). With
current technology, the resolution is too poor (Figure 9). Therefore, the health of coral reef
ecosystems cannot be directly observed by satellites in Earth’s orbit. However, satellite-derived
sea surface temperature (SST) data can serve as a proxy for predicting where and when heat stress
events can lead to coral bleaching (Hedley et al. 2016).

Figure 9. Images of a portion of Heron Island containing coral reefs off Australia from different
sensors, with resolution decreasing from left to right (Phinn et al. 2010).
NOAA’s Coral Reef Watch (CRW) program has developed a suite of near real-time
satellite SST-based products to monitor heat stress on coral reefs worldwide. CRW SST-based
products (Versions 2.0 and 3.0) were used extensively to monitor and document the third global
coral bleaching event (Eakin et al. 2017). CRW calculates the thermal stress for each reef location
that can lead to coral bleaching by comparing near real-time SST values with a long-term SST
climatology. The SST climatology supporting CRW’s current version 3.1 daily global 5km product
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suite is derived from a combination of NOAA/National Environmental Satellite, Data, and
Information Service (NESDIS) 2002-2012 reprocessed daily global 5km Geo-Polar Blended
Night-only SST Analysis, and the 1985-2002 daily global 5km nighttime SST reanalysis, produced
by the United Kingdom Met Office, on the Operational SST and Sea Ice Analysis (OSTIA) system.
CRW’s suite of 5km products includes sea surface temperature (SST), SST Anomaly, Coral
Bleaching HotSpot, Degree Heating Week (DHW), a 7-day maximum Bleaching Alert Area, and
a 7-day SST trend (Liu et al. 2017). CRW satellite SST datasets consist of night-only temperature
measurements because this helps to reduce the diurnal temperature fluctuation biases that would
occur if both day and night measurements were used (Strong et al. 2011). Previous research has
also found that in the tropics, night-only temperature measurements agreed more favorably with
in situ buoys at 1m depths, because heating at the water surface during the day contributed to a
greater offset between measurements (Montgomery and Strong, 1994).
While gridded SST satellite products are usually adequate for monitoring offshore and
large spatial areas, the same measurements may not be representative of coral reef ecosystems
found in shallow coastal waters (McClanahan et al. 2007; Castillo and Lima, 2010; Stobart et al.
2016). A number of previous studies comparing other remote sensing SST datasets and in situ
temperature measurements at different geographical locations have found significant differences
among these measurements (Lathlean et al. 2011; Stobart et al. 2016; Wu et al. 2016; Thakur et al.
2018). Such discrepancies are caused by a combination of factors including coarse satellite spatial
and temporal resolutions, contamination of the satellite footprint by land areas, and the complexity
of the environment in coastal zones (e.g., ocean mixing, increased turbidity, dissolved organic
compounds from land; Smit et al. 2013; Brewin et al. 2018).
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Since coral reef ecosystems are found along coastlines and many coral reef managers use
CRW’s SST-based products to monitor reefs, it is important to understand the accuracy of these
CRW SST products in specific locations as well as to establish that the SST datasets are optimal
(Donner et al. 2005; Strong et al. 2006). There are currently no case studies examining the
applicability of CRW’s current (Version 3.1) daily global 5km satellite SST product is of in situ
temperature measurements at the depth of the corals in La Parguera, Puerto Rico. To help address
this challenge and ensure that CRW’s SST products are optimally suited for assessing the
temperature at the depth of coral reefs, we deployed a network of in situ temperature sensors at
varying depths across four coral reef ecosystems at La Parguera, Puerto Rico. Temperature data
collected from this in situ network were used as a case study to assess correspondence between
CRW’s daily, 5km night-time only, satellite-based SST dataset (Liu et al. 2017), the Jet Propulsion
Laboratory’s (JPL) Group for High Resolution 1km SST (G1SST) dataset (Chao et al. 2009), and
the UK Metrological Office’s Operational Sea Surface Temperature and Sea Ice Analysis (OSTIA)
5km SST product (Donlon et al., 2012). There are currently no case studies examining the
applicability of the OSTIA SST or G1SST dataset for monitoring coral reefs in La Parguera, Puerto
Rico.
The goals of this case study were to:
1. Evaluate in situ temperature representation at coral depths in Cayo Enrique and Cayo Mario,
San Cristobal, and Margarita Reef, in La Parguera, Puerto Rico, to three, daily, Level 4, satellitebased SST datasets (NOAA’s Coral Reef Watch 5km SST, UK Met Office’s 5km SST, and JPL’s
1km G1SST).
2. Identify a statistical model that accurately predicts the temperature at the depth of the corals,
using satellite-based SST datasets as the predictor.
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3.2 Materials and Methods
3.2.1 Study Area
La Parguera, located in southwestern Puerto Rico, was selected for the in situ temperature
logger deployment (Figure 10) in part because these reefs are extensively environmentally and
biologically monitored (Winter et al. 1998; Ryan et al. 2008; Appeldoorn et al. 2019), and because
NOAA CRW’s satellite-based SST dataset lacks validation in this region (Personnel
Communications Dr. Mark Eakin, director of Coral Reef Watch). La Parguera’s insular shelf
extends about 10 km offshore, with an average depth of 20 m, consisting of seagrass beds,
mangrove forests, and both nearshore and offshore reefs, mostly made up of fringing, bank barrier
reefs, and patch reefs (Ballantine et al. 2008; Bejarano et al. 2014). According to paleoclimate
data obtained from a coral core, this area has experienced a 2C increase between 1751 and 2004
(Kilbourne et al. 2008). The local average SST is 27.9C, with annual variability of 3.2C (derived
from daily measurements between 1966 and 2002; Winter et al. 2003). SST near southwest Puerto
Rico are influenced by continental freshwater runoff from the Orinoco and Amazon rivers (Hu et
al. 2004). Again, this area was affected by the third global bleaching event and the active 2017
Atlantic hurricane season (Eakin et al. 2019; Hallam et al. 2019). Hurricanes Irma and Maria
damaged about 11% of Puerto Rico’s reefs, with some sites experiencing severe damage (up to
100%; NOAA Report 2018).
The inner reefs Cayo Enrique and Cayo Mario were the first two reefs equipped with
temperature loggers during the summer of 2017. The two new coral reef locations added later to
this study (March 2019) were outer reefs Margarita Reef, and San Cristobal. A coral nursey for
Acropora cervicornis and Acropora palmate is located at San Cristobal. Margarita reef is
composed of a forereef and backreef, situated on the mid-shelf region off La Parguera, and is about
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3km long (Lugo Fernandez et al. 1994). The reefs here are experiencing stress from increasing
ocean temperatures, rapid coastal development producing an influx of sediments and nutrients,
and physical impacts from transitory tropical storms (Ballantine et al. 2008).

Figure 10. Map of study location, La Parguera, Puerto Rico. During June 2017, seven temperature
sensors were deployed at Cayo Enrique, and seven temperature sensors at Cayo Mario (n=14 total).
The depths ranged from 1 - 13 m. In March 2019, eight temperature sensors were deployed at San
Cristobal between depths of 5 – 6 m, and another eight were deployed at Margarita Reef at depths
between 3 – 4 m (n=16).
3.2.2 In Situ Temperature Loggers
During June 2017, we deployed a total of 14 temperature data loggers in situ, using SCUBA
at Cayo Enrique and Cayo Mario. Seven data loggers were installed at varying depths (ranging
from 1m – 13m) at Cayo Enrique (17.95554N, -67.05312W) and seven loggers at Cayo Mario
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(17.95283N, -67.05648W). The loggers used were type Onset Corp. HOBO Pendant 64K
Temperature and Light pendant loggers (±0.53°C accuracy), and were chosen because HOBO
temperature loggers are widely used in coral studies (Fitt et al. 2000; Rodolfo-Metalpa et al. 2006;
Castillo and Lima, 2010; Oliver and Palumbi, 2011; DeBose et al. 2012; Camp et al. 2016;
Johnston et al. 2019).
The loggers were placed on or near the coral reef framework and secured with zip ties to
minimize movement in the water (Figure 11). Data retrieval was performed in situ, about twice a
year, using an optical data shuttle to minimize the potential for observational interruptions, data
loss, and instrument disturbances. The loggers were set to record water temperature at 15-minute
sampling intervals. Before deployment, the loggers for Cayo Enrique and Cayo Mario were
calibrated against a HOBO Water Temperature Pro v2 Data logger (±.21°C accuracy) for 20 hours
to establish relative baseline accuracy and ensure comparability. All of the loggers were within
their manufactured tolerance for accuracy (±.53°C). Table 6 lists information for the depth and
location of each temperature logger at Cayo Enrique and Cayo Mario, and its offset from the
calibration based on the HOBO Pro V2 Data logger comparison.
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Figure 11. Deployment of the in situ temperature loggers in June 2017 at Cayo Enrique and Cayo
Mario, in La Parguera, Puerto Rico.
Table 6. Deployment depth of loggers and associated temperature offset from the calibration with
the Pro v2 Data logger. Loggers 1-6, and 15 were deployed at Cayo Enrique (CE), and 7-12, and
16 were deployed at Cayo Mario (CM).
Location
CE
CE
CE
CE
CE
CE
CM
CM
CM
CM
CM
CM
CE
CM

Logger
1
2
3
4
5
6
7
8
9
10
11
12
15
16

Depth (m)
10
6
5
10
10
6
13
11
3
11
3
1
6
1
35

Offset (°C)
-0.00759
0.081311
0.223544
0.189653
0.151872
0.191875
0.195092
0.160089
0.173979
0.137865
0.020634
0.083416
N/A
N/A

Building off our previous fieldwork, we deployed an additional 16 in situ temperature
loggers at two new reef locations in March 2019 (Figure 12). This allowed comparison of three,
5km pixel cells, rather than one: Cayo Enrique and Cayo Mario are situated in one, 5km pixel
(Figure 13). In March 2019, we deployed eight temperature loggers at San Cristobal (17.94302N,
-67.07834W) at depths between 5 – 6 m, and eight temperature loggers at Margarita Reef
(17.92422N, -67.10377) at depths around 3 – 4 m. The temperature loggers used were the same
ones deployed at Cayo Enrique and Cayo Mario, with the identical settings (Onset Corp. HOBO
Pendant 64K Temperature and Light pendant loggers). They were calibrated in an ice bath before
deployment to ensure they were functioning within their manufactured accuracy (±0.53°C
accuracy). Table 7 lists information for the depth and location of each new logger deployed at San
Cristobal and Margarita Reef. Nocturnal observations were extracted for analysis from the time
series logger data to compare to CRW’s satellite-based night-time only SST, and the two other
satellite-based SST datasets. We evaluated the in situ time series and determined that, owing to
the short duration of the study and the use of night-time only observations, drift corrections were
unnecessary.

Figure 12. Temperature loggers deployed at Margarita Reef and San Cristobal.

36

Figure 13. The 5 km pixel mask for CRW’s 5 km SST, with the four study sites situated in three
pixels: (1) Cayo Enrique and Cayo Mario, (2) San Cristobal, and (3) Margarita Reef.
Table 7. Location and depth of the eight loggers deployed at San Cristobal and Margarita Reef
(n=16 total), and associated temperature offset from the calibration with the ice bath.
LOCATION
SAN
CRISTOBAL

LOCATION
MARGARITA
REEF

LOGGER DEPTH
#
(M)
1
5

OFFSET
(°C)
0.343

2
3
4
5
6
7
8

0.232
0.343
0.232
0.232
0.232
0.232
0.343

5
5
5
5
6
6
6
LOGGER DEPTH
#
(M)
1
3

OFFSET
(°C)
0.232

2
3
4
5
6
7

0.232
0.232
0.232
0.343
0.343
0.232

3
3
4
4
4
4
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3.2.3 Satellite Sea Surface Temperature Datasets
To reiterate briefly, the NOAA CRW program’s Version 3.1 products are based on CRW’s
CoralTemp Version 1.0 SST dataset and are derived from NOAA/NESDIS’ operational near-realtime daily global 5km Geostationary-Polar-orbiting Blended Night-only SST Analysis from late
2016 onwards. The CRW satellite dataset is daily, global, and nighttime-only at 5km (0.05°
latitude/longitude) resolution. The OSTIA SST and G1SST are global daily datasets and support
comparison with the CRW SST. Remote sensing SST values nearest to the in situ sites were
extracted from netCDF4 files for each satellite-based SST dataset, by means of a spherical nearest
neighbor approach (Robeson et al. 2014), limited to open water vectors, using Matlab.
3.2.4 In Situ and Satellite SST Statistical Comparisons
To facilitate comparison with CRW’s daily global 5km nighttime-only SST product, in situ
temperature observations between 19:00 and 06:00 (local time sunset/sunrise) were extracted and
averaged to produce a daily nighttime-only in situ data series. A Spearman Correlation was
performed on the Cayo Enrique and Cayo Mario temperature data to compare the data from the
different logger sites and depths. No statistical difference was found among sites (p < 0.05; r >
0.83 for all logger sites) indicating a strong correlation between sites, regardless of depth.
Therefore, for the statistical computations with the remote sensing SST datasets, the in situ loggers
were averaged for Cayo Enrique and Cayo Mario, to yield one daily, in situ measurement time
series for each of the three 5km pixels. This was also done for Margarita Reef and San Cristobal,
even though the loggers were all placed at similar depths. Another reason we decided to average
the in situ loggers to produce one daily in situ measurement for each pixel, was because some
temperature loggers were lost during the course of the study due to hurricanes, earthquakes, and
the harsh ocean environment, and of the remaining data loggers, not all were able to capture data
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until 01-Mar-2020, when the study ended. On the conclusion of the study in early March 2020,
only two loggers were recovered from Cayo Enrique, three from Cayo Mario, three from Margarita
Reef, and five from San Cristobal, and the loggers were difficult to find (Figure 14). Milton
reported that there was increased sediment (about a foot) at San Cristobal, and that the recent
earthquakes had severely damaged Cayo Enrique. Tables 8 - 10 indicate timeframes that each
individual logger was able to record in situ temperatures for each site.

Figure 14. Used temperature loggers recovered in March 2020. These loggers had been in
operation since September 2019.
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Table 8. Timeframe for each temperature logger collecting data at Cayo Enrique (logger numbers
1-6, 15) and Cayo Mario (logger numbers 7-12, 16) from 30-Jun-2017 to 01-Mar-2019.
2017
Jun

Jul

2019
Jan

Feb

Aug

Sep

Oct

Nov

Dec

2018
Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

2020
Jan

Feb

Mar

Oct

Nov

Dec

1
2
3
4
5
6
7
8
9
10
11
12
15
16

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

1
2
3
4
5
6
7
8
9
10
11
12
15
16

Table 9. Timeframe for each temperature logger collecting data for San Cristobal from 01-Mar2019 to 01-Mar-2020 (logger 1 was lost).
2019
Mar Apr May Jun Jul

2020
Aug Sep Oct Nov Dec Jan
Feb Mar

2
3
4
5
6
7
8
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Table 10. Timeframe for each temperature logger collecting data for Margarita Reef from 01-Mar2019 to 24-Dec-2019 (loggers 1, 5, and 7 were lost).
2019
Mar Apr May Jun Jul

Aug Sep Oct Nov Dec

2
3
4
6
8

For the duration of the study, the daily minimum, maximum, and mean temperatures were
computed along with their standard deviations for Cayo Enrique and Cayo Mario (30-Jun-2017 –
01-Mar-2020), San Cristobal (01-Mar-2019 – 01-Mar-2020), and Margarita Reef (01-Mar-2019 –
24-Dec-2019). The bias (satellite – in situ data) was also calculated for each satellite-based SST
dataset to relate the daily differences between the satellite and in situ temperature logger
measurements. A positive mean bias corresponds to cooler SST data than the in situ data, and a
negative bias stands for warmer SST data (Sreejith and Shenoi, 2002). From the biases, the mean,
standard deviation, and root mean square error were calculated. The root mean square error is
commonly used in climate studies to measure model performance, and evaluate error distribution
(Chai and Draxler, 2014). Next, a Spearman’s correlation was performed to evaluate the strength
of the relationship between the SST datasets and in situ temperature measurements. A Spearman’s
correlation was selected to measure the affiliation between the SST and in situ data, because it is
non-parametric, and does not contain any assumptions about the distribution of the data. The
correlation coefficient from the test varies between +1 and -1, with values closer to +1 indicating
a stronger degree of association between the measurements (Hauke and Kossowski, 2011). Since
Cayo Enrique and Cayo Mario had two years’ worth of data, the data were also examined yearly,
41

looking at the biases from 06/30/2017 – 06/30/2018 (year one), and from 07/01/2018 – 07/01/2019
(year two).
Scatter plots of the in situ temperature measurements against the satellite SST were also
produced to evaluate the relationship. Finally, a linear regression model was fit to adjust for
differences between the remote sensing SST datasets and in situ measurements, with the satellite
SST datasets as the predictor for the averaged in situ temperature recorded by the loggers. Given
the close, linear agreement between the two variables as observed in the scatter plots, the linear
regression model, while not accounting for serial correlation in the residuals, satisfies the goals of
this work to fit a model that can effectively estimate reef-depth water temperature from SST
estimated by satellite remote sensing.

3.3 Results
For Cayo Enrique and Cayo Mario, San Cristobal, and Margarita Reef, summaries of the
minimum, maximum, mean, and standard deviation (SD) for the averaged in situ temperature and
three remote sensing SST datasets for the duration of the study are evaluated, and summarized in
Tables 11, 15, and 17. The mean bias (°C), its SD, and the Root Mean Square Error (RMSE) for
each remote sensing SST dataset, along with the Spearman correlation coefficient, are summarized
for all locations in Tables 12, 13, 14, 16 and 18. For JPL’s Level 4, daily, G1SST dataset, after
December 9, 2019 to present, the SST dataset has been reported to produce poor quality SST data
(https://podaac.jpl.nasa.gov/announcements/2020-01-29_G1SST_Data_Outage_Alert).
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Table 11. Summary of the SST data (°C) for Cayo Enrique and Cayo Mario from 06/30/2017 –
03/01/2020 (~two years and eight months; n = 975 days) for the averaged in situ loggers (data gap
between 09/11/2019 – 10/01/2019), CoralTemp, and OSTIA. The G1SST dataset is from
06/30/2017 – 12/08/2019 (n=891 days).
SST Source
In situ
CoralTemp
OSTIA
G1SST

Min
26.23
26.21
26.21
25.44

Max
30.47
30.24
30.15
30.31

Mean
28.41
28.09
28.15
28.21

SD
1.13
1.02
1.01
1.08

Table 12. Mean bias (satellite – in situ), standard deviation of the bias, Root Mean Square Error
(RMSE) of the bias, and Spearman correlations between satellite-based SST datasets and averaged
in situ temperature for Cayo Enrique and Cayo Mario from 06/30/2017 – 12/08/2019 (about two
years and five months; n = 891 days).

SST Dataset
CoralTemp
OSTIA
G1SST

Mean Bias (°C)
-0.35
-0.29
-0.33

SD of the Bias
0.38
0.37
0.40

RMSE
0.52
0.47
0.52

Spearman
0.94
0.93
0.92

Table 13. Mean bias (satellite – in situ), standard deviation of the bias, Root Mean Square Error
(RMSE) of the bias, and Spearman correlations between satellite-based SST datasets and averaged
in situ temperature for Cayo Enrique and Cayo Mario from 06/30/2017 – 06/30/2018 (year one)
for CoralTemp, OSTIA and G1SST datasets.

SST Dataset
CoralTemp
OSTIA
G1SST

Mean Bias (°C)
-0.30
-0.24
-0.18

SD of the Bias
0.37
0.42
0.42
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RMSE
0.48
0.47
0.45

Spearman
0.94
0.93
0.93

Table 14. Mean bias (satellite – in situ), standard deviation of the bias, Root Mean Square Error
(RMSE) of the bias, and Spearman correlations between satellite-based SST datasets and averaged
in situ temperature for Cayo Enrique and Cayo Mario from 07/01/2018 – 07/01/2019 (year two)
for CoralTemp, OSTIA and G1SST datasets.

SST Dataset
CoralTemp
OSTIA
G1SST

Mean Bias (°C)
-0.55
-0.46
-0.51

SD of the Bias
0.31
0.28
0.31

RMSE
0.63
0.54
0.60

Spearman
0.96
0.97
0.94

Table 15. Summary of the SST data (°C) for San Cristobal from 03/01/2019 – 03/01/2020 (one
year) for the averaged in situ loggers, CoralTemp, and OSTIA. The G1SST dataset is only from
03/01/2019 – 12/08/2019.
SST Source
In situ
CoralTemp
OSTIA
G1SST

Min
26.13
26.28
26.25
26.14

Max
30.24
30.20
30.17
30.35

Mean
28.37
28.22
28.25
28.57

SD
1.09
1.03
1.03
0.97

Table 16. Mean bias (satellite – in situ), standard deviation of the bias, Root Mean Square Error
(RMSE) of the bias, and Spearman correlations between satellite-based SST datasets and averaged
in situ temperature for San Cristobal from 03/01/2019 – 03/01/2020 (one year) for CoralTemp,
and OSTIA datasets. The G1SST dataset is only from 03/01/2019 – 12/08/2019.

SST Dataset
CoralTemp
OSTIA
G1SST

Mean Bias (°C)
-0.16
-0.12
-0.11

SD of the Bias
0.33
0.30
0.31
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RMSE
0.36
0.33
0.33

Spearman
0.95
0.96
0.91

Table 17. Summary of the SST data (°C) for Margarita Reef from 03/01/2019 – 12/24/2019 (~10
months) for the averaged in situ loggers, CoralTemp, and OSTIA. The G1SST dataset is only from
03/01/2019 – 12/08/2019.
SST Source
In situ
CoralTemp
OSTIA
G1SST

Min
26.27
26.27
26.27
26.23

Max
30.23
30.19
30.14
30.82

Mean
28.55
28.43
28.48
28.55

SD
1.02
1.02
1.02
0.96

Table 18. Mean bias (satellite – in situ), standard deviation of the bias, Root Mean Square Error
(RMSE) of the bias, and Spearman correlations between satellite-based SST datasets and averaged
in situ temperature for Margarita Reef from 03/01/2019 – 12/24/2019 (~10 months) for
CoralTemp, and OSTIA datasets. The G1SST dataset is only from 03/01/2019 – 12/08/2019.

SST Dataset
CoralTemp
OSTIA
G1SST

Mean Bias (°C)
-0.12
-0.07
-0.05

SD of the Bias
0.30
0.29
0.35

RMSE
0.32
0.30
0.36

Spearman
0.95
0.95
0.91

All the remote sensing SST datasets evaluated yielded similar temperature patterns, and
correspondingly high correlations with the in situ temperature measurements (correlation
coefficients >0.91), and the seasonal trends can be observed in the time series (Figures 15 - 26). A
strong seasonal trend is observed, with the three remote sensing datasets consistently
underestimating the temperature at the depth of the corals during warmer months (June to
September).
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Figure 15. Time series of temperature data from 30-Jun-2017 – 01-Mar-2020 of the three remote
sensing datasets (CoralTemp, G1SST, OSTIA) and the averaged in situ loggers for Cayo Enrique
and Cayo Mario.

Figure 16. Time series of temperature data from 30-Jun-2017 – 08-Dec-2019 for the JPL 1km
G1SST dataset, and the averaged in situ loggers for Cayo Enrique and Cayo Mario.
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Figure 17. Time series of temperature data from 30-Jun-2017 – 01-Mar-2020 for OSTIA’s 5km
SST dataset, and the averaged in situ loggers for Cayo Enrique and Cayo Mario.

Figure 18. Time series of temperature data from 30-Jun-2017 – 01-Mar-2020 for NOAA Coral
Reef Watch’s 5km SST dataset (CoralTemp), and the averaged in situ loggers for Cayo Enrique
and Cayo Mario.
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Figure 19. Time series of temperature data from 01-Mar-2019 – 01-Mar-2020 of the three remote
sensing datasets (CoralTemp, G1SST, OSTIA) and the averaged in situ loggers for San Cristobal.

Figure 20. Time series of temperature data from 01-Mar-2019 – 08-Dec-2020 for the JPL 1km
G1SST dataset, and the averaged in situ loggers for San Cristobal.
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Figure 21. Time series of temperature data from 01-Mar-2019 – 01-Mar-2020 for OSTIA’s 5km
SST dataset, and the averaged in situ loggers for San Cristobal.

Figure 22. Time series of temperature data from 01-Mar-2019 – 01-Mar-2020 for NOAA Coral
Reef Watch’s 5km SST dataset (CoralTemp), and the averaged in situ loggers for San Cristobal.
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Figure 23. Time series of temperature data from 01-Mar-2019 – 24-Dec-2019 of the three remote
sensing datasets (CoralTemp, G1SST, and OSTIA) and the averaged in situ loggers for Margarita
Reef.

Figure 24. Time series of temperature data from 01-Mar-2019 – 08-Dec-2019 for the JPL 1km
G1SST dataset, and the averaged in situ loggers for Margarita Reef.
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Figure 25. Time series of temperature data from 01-Mar-2019 – 24-Dec-2019 for OSTIA’s 5km
SST dataset, and the averaged in situ loggers for Margarita Reef.

Figure 26. Time series of temperature data from 01-Mar-2019 – 24-Dec-2019 for NOAA Coral
Reef Watch’s 5km SST dataset (CoralTemp), and the averaged in situ loggers for Margarita Reef.
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Ocean temperature seasonality was also explored for Cayo Enrique and Cayo Mario for
only two years of the study (30-Jun-2017 – 30-Jun-2019), and it was found that correlation
coefficients decreased marginally, but not significantly, when split into the dry and wet seasons.
The first dry season (Dec 2017 to Mar 2018) had correlation coefficients of 0.90, 0.89, and 0.87
for CoralTemp, G1SST, and OSTIA, respectively. The wet season (Apr 2018 to Nov 2018) had
slightly higher coefficients of 0.92, 0.89, and 0.95 for CoralTemp, G1SST, and OSTIA. Overall,
all remote sensing SST datasets displayed negative (cool) biases for the majority of the study, and
this can be observed in Figures 27 – 29.
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Figure 27. Time series of the bias (satellite – in situ) temperatures from 30-Jun-2017 – 01-Mar2020 for Cayo Enrique and Cayo Mario.
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Figure 28. Time series of the bias (satellite – in situ) temperatures from 01-Mar-2019 – 01-Mar2020 for San Cristobal.
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Figure 29. Time series of the bias (satellite – in situ) temperatures from 01-Mar-2019 – 24-Dec2019 for CoralTemp and OSTIA, and from 03/01/2019 - 12/08/2019 for G1SST for Margarita
Reef.
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The scatter plots indicated a strong linear relationship between all remote sensing SST
datasets and in situ temperature measurements Figures 30 - 32. Table 19 contains statistical
information from the linear regression models.
Table 19. Test statistics (Root Mean Square Error = RMSE; R^2; p-value) from the linear
regression models, with the three satellite-based SST datasets (CoralTemp = CT; OSTIA; G1SST)
as the predictor for the in situ temperature at the three different sites (Cayo E Enrique and Cayo
Mario = CE/CM; San Cristobal = SC; Margarita Reef = MR).
Site
Statistic
RMSE
𝑹𝟐
p-value

CT
0.38
0.89
<0.05

CE/CM
OSTIA
0.37
0.89
<0.05

G1SST
0.40
0.87
<0.05

SC
OSTIA
0.30
0.92
0.33

CT
0.33
0.91
0.57
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G1SST
0.31
0.91
0.27

CT
0.30
0.92
0.00

MR
OSTIA
0.29
0.92
0.02

G1SST
0.35
0.88
0.95

Figure 30. Scatter plots with linear regression of the averaged in situ temperature against the
different three different remote sensing SST datasets for Cayo Enrique and Cayo Mario.
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Figure 31. Scatter plots with linear regression of the averaged in situ temperature against the
different three different remote sensing SST datasets for San Cristobal.
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Figure 32. Scatter plots with linear regression of the averaged in situ temperature against the
different three different remote sensing SST datasets for Margarita Reef.
All remote sensing datasets were negatively biased throughout most of the study period.
All scatter plots indicated a strong linear relationship between the satellite-based SST datasets and
in situ temperature measurements, suggesting that a linear regression model would be appropriate
to estimate coral depth temperatures from the remote sensing data. A linear regression model with
CoralTemp, OSTIA, and the G1SST, as the predictor for the in situ temperature measurements
yielded an average offset of ~1°C for all study sites.
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3.4 Discussion
The main objective of this portion of the dissertation research was to assess the suitability
of three remote sensing satellite SST datasets, NOAA’s CRW satellite-based 5km SST
(CoralTemp), the UK Met Office’s OSTIA 5km SST, and JPL’s G1SST 1km dataset, to capture
the temperature at the depth of multiple coral reef ecosystems in La Parguera, Puerto Rico. To the
best of my knowledge, this is the first study to evaluate the accuracy of SST datasets at the depth
of the coral reefs in La Parguera. This study discovered that all three of the remote sensing SST
datasets evaluated were acceptable surrogates, after offset correction (~1°C), of the temperature at
the depth in the coral reefs at Cayo Enrique, Cayo Mario, San Cristobal, and Margarita Reef.
Overall, all three remote sensing SST products produced a cool bias (satellite – in situ)
within their timeframe of data collection, indicating that the satellite SST was underpredicting the
actual temperature at the depth of the corals. For Cayo Enrique and Cayo Mario, the OSTIA SST
dataset exhibited the least bias (-0.29°C, compared to -0.33°C for G1SST, and -0.35°C for
CoralTemp) for the duration of the study. The G1SST and OSTIA dataset both possessed similar
small biases for San Cristobal, at -0.11°C and -0.12°C respectively, with CoralTemp yielding 0.16°C bias for the one-year study. The biases were even smaller for Margarita Reef, with the
G1SST bias only -0.05°C, and the OSTIA SST dataset with a -0.07°C bias. CoralTemp was found
to have a slightly higher cool bias, at -0.12°C for the ~ten-month study at Margarita Reef. The
differences in the satellite SST biases could be attributed to two factors. The first possible
explanation is that the study sites were all different depths. The first study sites, Cayo Enrique and
Cayo Mario, were overall the deepest sites for the temperature logger deployment (six of the
loggers were placed deeper than 6m, which was the max depth for San Cristobal). San Cristobal
was the middle site in terms of depth (5-6m), with Margarita Reef being the shallowest (3-4m).
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The results suggest that the satellite-based SST have a closer temperature matchup with the
shallower reefs. This makes sense, because deeper down the water column, the temperature profile
drops after the mixed layer (temperature decreases with depth, as it loses availability to sunlight).
Another explanation for the bias conflictions between sites, is the different time durations of the
study for each site. Cayo Enrique and Cayo Mario were the sites with the longest temperature time
series (~2 years and 9 months), and they had the relative highest cooler bias offsets for all three
satellite SST datasets. Whereas Margarita Reef had the shortest time series (~10months), and also
the smallest biases between the in situ and satellite SST datasets. Longer time series data for all
the sites are required to further investigate the biases between the sites and remote sensing SST
datasets.
Seasonal patterns were also observed when assessing how representative the satellite-based
SST datasets were to the in situ temperature loggers. During the warmer, wet season (June to
September), the satellite SSTs often underestimated the temperature at depth recorded by the in
situ temperature loggers. This pattern suggests that the satellite SST datasets do not measure the
actual temperature at depth when the water is warmer and possibly more stratified (Sarmiento et
al. 2004). For Cayo Enrique and Cayo Mario, in mid-late August 2017, which is considered to be
part of the warm, wet season, a cool bias can be seen in all three remote sensing products.
According to NOAA’s Climate Review for Puerto Rico 2017, on August 17 th and again on the
20th, there was tropical wave activity that created above normal precipitation levels caused by
heavy showers and thunderstorms. Then in September, Hurricanes Irma and Maria caused
significant rainfall, destruction, and mixing in the ocean waters. Hurricane Maria was a Category
4 hurricane when it transited directly over the island, passing through on September 19 - 20. This
hurricane caused the satellite SST data to switch from negative (cool) biases on the 19th (-0.60C
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= CoralTemp; -0.07C = G1SST; and -0.05C = OSTIA) to positive (warm) biases on the 20th
(0.67C = CoralTemp; 1.20C = G1SST; and 0.78C = OSTIA; Figure 33). Hurricane Maria also
devastated an Acropora cervicornis thicket at Cayo Mario (Figure 34).

Figure 33. Time series of the bias (satellite – in situ) of the three remote sensing datasets for
September 2017. All of the remote sensing datasets displayed a cooler bias, until Hurricane Maria
transited the area on 19-Sep-2017, after which the biases became warm.

Figure 34. Healthy Acropora cervicornis thicket at Cayo Mario taken in June 2017 (left). The
thicket was destroyed after Hurricane Maria (right; picture taken August 2018).
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According to the in situ data, the ocean temperature dropped ~1.5C from the 19th to the
20th, when the hurricane was passing. The warm bias continued until late February 2018, when
ocean temperatures began to rise again, and the satellite SST biases returned to a negative (cool)
state. The SST data warm biases seen after Hurricane Maria through late February could be
attributed to increased water column mixing and seasonal cooler temperatures. Typically, La
Parguera experiences low wave and tidal energy, and southeasterly winds from 3.1 to 7.7m s-1
(Warne et al. 2005; Ryan-Mishkin et al. 2009). The averaged surface wind speed for La Parguera
from June 2017 to January 2020, can be seen in Figure 35. The reversal of the cool bias can be
attributed to Hurricane Maria inducing higher seawater mixing for two weeks (Hu and Meehl,
2009), and then the seasons transitioning to winter, causing temperatures to continue to decrease.
From March 2018 to June 2019, SST data have a consistent negative (cool) bias. The lack of
intense hurricanes in 2018 and the presence of a La Niña signal (e.g., MEI < -0.5; Wolter and
Timlin, 1998) could be responsible for the more consistent pattern. NOAA reported lower than
average rainfall for Puerto Rico over all of 2018. A weaker El Niño was also present near the end
of 2018, continuing into spring 2019. NOAA reported less rainfall than usual for February 2019.

Figure 35. Monthly time series of surface wind speed from June 2017 to January 2020.
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For San Cristobal, the JPL G1SST dataset yielded the smallest overall bias (-0.11°C), but
all three remote sensing products have high correlations with the in situ temperature measurements
(CoralTemp = 0.95, OSTIA = 0.96, G1SST = 0.91). The same is true for Margarita Reef, where
all the satellite SST datasets contained high correlations with the in situ data (CoralTemp = 0.95,
OSTIA = 0.95, G1SST = 0.91). Observing the time series for all the study sites, there are two
surprising temperature dips around December 2019, and January 2020, where the SST datasets are
actually over predicting the temperature compared to the in situ loggers, and this was not seen in
the previous years for the Cayo Enrique and Cayo Mario sites during these months. Generally, in
winter, there was a closer match up observed between the SST data and in situ measurements. A
possible explanation for these cool dips in the in situ temperature record that caused the satellites
to have a warm bias, could be the magnitude 6.4 earthquake that occurred in southwestern Puerto
Rico on January 7th, 2020. This region hadn’t experienced an earthquake of this magnitude since
1918 (USGS 2020). Scientists believe that the energy released during an earthquake could cause
an increase in cold water anomalies, but further research is required to understand how local ocean
temperatures change in response to earthquakes (Nosov 1998).
Inevitably, there will be some mismatch between the satellite SST and in situ
measurements because of the spatial scale, as the remote sensing modeled products combine data
over a larger area (1-5km pixel size), and the in situ data are point-based observations. Even though
the satellite SST datasets underestimate the actual temperature at the depth of the coral for the
majority of this study, the linear regression models with the satellite SST datasets as the predictor
for the averaged in situ temperature logger measurements yielded an offset of ~1°C. Cooler biases
were also found in observations between satellite and in situ temperature measurements in work
done by Castillo and Lima (2010), and Thakur et al. (2018), suggesting some consistency in bias
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across geographies. The occurrence of a cooler bias could be due to the ocean surface losing more
heat at night to the atmosphere, which the temperature loggers at depth do not experience. Future
studies could focus on heat budget analysis in corals in La Parguera, to assess if the coral tissues
and reef framework contribute to the observed cool bias.

3.5 Conclusions
We sought to understand correspondence between temperatures observed at coral depth
and those estimated for the sea surface by satellite-based remote sensing techniques, and to identify
a statistical model capable of correcting bias in the remote sensing data such that they may more
accurately estimate temperatures at coral depths in the near shore zone. Since tropical corals live
in coastal, subtidal areas that expose them to a wide range of temperature regimes, it is important
to assess the satellite SST using in situ measurements to gain an accurate understanding of the
temperature surrounding each coral reef ecosystem. It is also essential to explore the biases
between satellite SST and in situ measurements because NOAA’s Coral Reef Watch uses satellite
SST to produce their products, which are used by coral managers to inform them when their reefs
might experience bleaching. Overall, a strong positive correlation was observed between all the
satellite products and in situ measurements, with no real differences found between logger sites
and depth, and this would be expected in such shallow, well-mixed waters. However, a consistent
negative (cool) bias was found between the in situ temperature data and satellite SST datasets
during the warmer months with a closer match between them during the colder months. The warm
season biases for the satellite SST datasets were all around 1°C, providing a good overall
agreement between the satellite SST and the in situ loggers. While other studies have suggested
similar biases in different locations, the spatial coherence of systematic biases between surface
and reef-depth temperatures has not been fully explored. Expanding this study with a broader
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network of in situ sensors to simultaneously evaluate more SST pixels is needed, especially around
Puerto Rico, and a longer time series is required.
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Chapter 4. Evaluating seasonal dynamics of Orbicella
faveolata and Montastraea cavernosa symbioses: a case study
in southwestern Puerto Rico
4.1 Background
A temperature change as little as 1-2°C above long-term maxima can impose stress on
tropical shallow reef building corals because they already live near their upper thermal thresholds
(Coles and Brown, 2003). Corals may host different species of Symbiodiniaceae that confer
various beneficial functional traits to the coral (Baker 2003; Fabricius et al. 2004; Pochon and
Gates, 2010; LaJeunesse et al. 2018). High seawater temperatures can result in the breakdown of
the symbiosis, resulting in coral bleaching, and even mortality depending on the duration of the
stressor (Baker 2003).
Coral adaption can transpire in the coral host, symbionts, and associated microbial
community (Torda et al. 2017). To acclimatize to environmental changes, such as thermal stress,
flexibility of the coral-algae association has been suggested as a coping mechanism (Buddemeier
and Fautin, 1993), providing corals with the opportunity to replace low heat tolerant symbiont
species with increased heat tolerant genera. Intra-colony symbiont variation can occur in response
to seasonal or acute heat stress, in order to obtain more thermally tolerant species (Chen et al.
2003; Boulotte et al. 2016). For example, Chen et al. (2005) tracked the seasonal symbiont
community within individual coral colonies of Acropora palifera, and found it to be highly
dynamic, consisting of changing densities of Cladocopium and Durusdinium. However, other
studies found that some coral colonies did not change their symbiont communities seasonally, or
when experiencing heat stress or bleaching (Thornhill et al. 2006; Stat et al. 2009; McGinley et al.
2012; Howells et al. 2020). Recent research on corals in Moorea established that the coral host
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actually possesses a “Symbiodiniaceae signature,” or consistent symbiont composition, and that
only a small amount of shuffling occurred when the corals experienced anomalous ocean
temperatures and nutrient concentrations (Rouze et al. 2019). These contradictory results may
possibly have occurred because of (i) an evolutionary difference between the host and algal
symbionts, and their ability to associate with new ones (Aranda et al. 2016), (ii) the new symbiont
provided poor nutrition to the host (Radecker et al. 2018), or (iii) the availability of diverse
symbiont species in the environment (Decelle et al 2018). Other explanations for this contradiction
are that prior molecular techniques used exhibited too low of resolution to detect small background
populations of symbionts (Ziegler et al. 2018), or that previous ocean warmings experienced by
corals was never strong enough to induce symbiont community changes (Howells et al. 2020).
In this study, we investigated the hypothesis that the composition of coral symbionts within
coral colonies fluctuates seasonally to increase summertime heat resilience in two dominant reef
builders in southwestern Puerto Rico, Orbicella faveolata and Montastraea cavernosa. We also
investigated intra-colony symbiont variation and the hypothesis that coexisting, conspecific coral
colonies can harbor different symbiont genera, compared to another coral colony of the same
species, living in close proximity to each other. Previous research established that O. faveolata in
Mexico and the Bahamas hosted symbionts from Breviolum, Cladocopium, and Durusdinium,
while M. cavernosa only hosted symbionts from Cladocopium (LaJeunesse 2002). Finney et al.
(2010) also demonstrated that in Belize and Bermuda, O. faveolata again hosted symbionts from
Breviolum, Cladocopium, and Durusdinium, and that M. cavernosa hosted symbionts exclusively
from Cladocopium. The symbiont community composition of O. faveolata and M. cavernosa from
the Florida Keys has additionally been explored using qPCR in experimental settings (Cunning et
al. 2015; Silverstein et al. 2015), again supporting previous conclusions of hosted symbiont species
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by O. faveolata and M. cavernosa. However, there appears to be no high-resolution seasonal
symbiont data for O. faveolata and M. cavernosa in southwestern Puerto Rico. The goal of this
case study was to determine the seasonal prevalence of the dominant symbiont for O. faveolata
and M. cavernosa in winter and summer, in La Parguera, Puerto Rico, and to determine whether
symbiont switching occurs.

4.2 Methods
4.2.1 Study site and sampling
La Parguera, located in southwestern Puerto Rico, was selected for coral tissue sample
collection, because to our knowledge, there are no qPCR records regarding symbiont composition
for O. faveolata and M. cavernosa at this location (Figure 36). The reef system in La Parguera is
variable, consisting of both nearshore and offshore reefs. Most of the reefs are fringing, bank
barrier reefs, and submerged patch reefs. The reefs here are experiencing stress from increasing
ocean temperatures, an influx of sediments and nutrients resulting from rapid coastal development,
and physical impacts from tropical storms (Ballantine et al. 2008).

Figure 36. Map of La Parguera, Puerto Rico, indicating Cayo Mario where the O. faveolata
samples were taken, and Cayo Enrique, where the M. cavernosa samples were collected.
69

Coral tissue samples from O. faveolata and M. cavernosa were collected in La Parguera,
in late February (winter) and early September (summer) 2019. These two coral species were
chosen because they are abundant, and important reef builders in southwest Puerto Rico (Morelock
et al. 2001). In late February 2019, using SCUBA, five coral tissue samples were taken from each
of six different O. faveolata colonies (n=30) at Cayo Mario (17.95283N, -67.05648W), and the
same quantities were collected for M. cavernosa (n=30) at Cayo Enrique (17.95554N, 67.05312W; n=30; Figure 37). O. faveolata samples were collected at depths between 5-9m, and
the M. cavernosa samples were collected at depths between 9-14m. The coral tissue samples
collected were ¼” diameter biopsies, obtained by using a hammer and round chisel, and were taken
around the top of the colony (approximate area 60cm2). The tissue samples were placed in plastic
bags underwater, and then transferred onshore to tubes with 95% ethanol. The same coral tissue
collection protocol was repeated in early September 2019, but different colonies of O. faveolata
and M. cavernosa were sampled.

Figure 37. Photos of an Orbicella faveolata (left) and Montastraea cavernosa (right) colony
sampled, taken in the field. Red crosses indicate where a tissue sample was taken.
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4.2.2 Tissue processing: qPCR, relative symbiont proportions
Genomic DNA was extracted using a modified organic extraction method as explained in
Baker and Cunning (2016). Next, qPCR was performed to identify the symbionts and assess
possible seasonal symbiont community changes. For O. faveolata a single-copy marker from
Severance et al. (2004) was targeted (following Cunning et al. (2015)), and for M. cavernosa the
PaxC

intron

with

these

primers

(F:

5’-ACGTGCTGGCGAAACCAT;

R:

5’-

TGGAATCGGGAGATGAATCAC) was used. Actin targeted assays were used for Symbiodinium

(Winter et al. 2015), Breviolum (Cunning et al. 2015), Cladocopium, and Durusdinium (Cunning
and Baker 2013). The coral host reactions were carried out in volumes of 12.5 μL (using 6.25 μL
of PowerUp SYBR Green Master Mix), and the symbiont reactions were in volumes of 10 μL
(using 5 μL of Taqman Genotyping MasterMix). All the reactions used 1 μL of genomic DNA
template and were performed in duplicate on a StepOnePlus Real-Time PCR System (Applied
Biosystems, USA). The fluorescence threshold used to calculate the cycle threshold (𝐶𝑇 ) values
was set to 0.01. Positive amplifications were counted when both technical replicates amplified,
and the 𝐶𝑇 value was <40.
The 𝐶𝑇 values allowed for the calculation of the ratio of the total number of symbiont (S)
cells to the total number of the coral host (H) cells (S/H cell ratio; Mieog et al. 2009), which is a
metric used to assess symbiont abundance (Cunning and Baker, 2014). From the S/H ratio, the
relative proportions of each symbiont were computed for each individual coral tissue sample (n=59
for O. faveolata; n=60 for M. cavernosa). Then, for each colony (n=6 for winter; n=6 for summer)
the prevalence of a dominant symbiont was calculated, to produce one dominant symbiont per
colony.
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4.2.3 Statistics
To test for differences in seasonal relative symbiont proportions for the winter vs. summer
coral colonies, a binomial generalized linear model was fitted, factoring in colony and season. A
linear model was chosen to quantify associations between the coral colony symbionts in response
to the season (winter and summer). A binomial distribution was selected so the error distribution
was binomial, rather than gaussian (normal), making this method appropriate to analyze
proportional data (Consul 1989). Next, postdoc tests were used to test for differences in the fitted
probabilities (i.e., proportions) for different levels of the categorical predictors (colony and
season). The least square means of the response variable was used to estimate the importance of
the bias (Knightes and Cyterski, 2005). Finally, a pairwise comparison z-test was performed to
contrast the winter and summer colonies’ relative symbiont proportions. The data analysis was
performed using R v. 3.6.1 (R Core Team 2016). The data and code used for all the analyses are
available at github.com/Anmigome/CoralPR.
4.2.4 Temperature Data
NOAA’s Coral Reef Watch (CRW) sea surface temperature (SST) dataset was used to
examine the ocean temperature in February and September 2019, when the coral tissue samples
were collected. CRW’s SST dataset has proven to provide reliable temperatures (~1°C offset) at
the depth of the reefs for southwestern Puerto Rico (Gomez et al. 2019 in review). The SST dataset
is provided daily, and consists of nighttime-only measurements, at 5km (0.05° latitude/longitude)
resolution (ftp://ftp.star.nesdis.noaa.gov/pub/sod/mecb/crw/data/coraltemp/v1.0/nc/; Liu et al.
2017). Remote sensing SST values nearest to Cayo Mario and Cayo Enrique were extracted from
netCDF4 files by means of a spherical nearest neighbor approach (Robeson et al. 2014), limited to
open water vectors. Since both reefs are located within a single CRW SST 5km x 5km grid cell,
72

only one satellite SST value was extracted and used to represent the temperature of both reefs. The
daily SST values were combined to produce an averaged, monthly SST value for each month of
2019.

4.3 Results
In February (winter) 2019, when the first samples were collected, the averaged SST was
26.4°C, and in September (summer), the averaged SST increased to 29.7°C (Figure 38). Overall,
O. faveolata had a mixed symbiont community at Cayo Mario, and M. cavernosa at Cayo Enrique
did not. O. faveolata encompassed symbionts from Symbiodinium, Breviolum, Cladocopium, and
Durusdinium, while all M. cavernosa samples contained 100% Cladocopium in the winter and
summer for 2019 (Figures 39 – 42). There were no statistically significant differences found
between the symbiont community populations in winter vs. summer for O. faveolata and M.
cavernosa La Parguera, Puerto Rico ((p-value > 0.05; z-ratio = -1.289).

Figure 38. Satellite sea surface temperature averaged monthly values for Cayo Enrique and Cayo
Mario, in La Parguera, Puerto Rico, for 2019 from NOAA’s Coral Reef Watch 5km dataset.

73

Figure 39. Bar graphs showing the relative proportion of symbionts by colony (5 samples/colony,
besides colony 4 = 4 samples; n=6 colonies) in February 2019 for Orbicella faveolata.

Figure 40. Bar graphs showing the relative proportion of symbionts by colony (5 samples/colony;
n=6 colonies) in September 2019 for Orbicella faveolata.
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Figure 41. Bar graphs showing the relative proportion of symbionts by colony (5 samples/colony;
n=6 colonies) in February 2019 for Montastraea cavernosa.

Figure 42. Bar graphs showing the relative proportion of symbionts by colony (5 samples/colony;
n=6 colonies) in September 2019 for Montastraea cavernosa.
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For February (winter) and September (summer) 2019, the relative dominant symbiont for
each individual sample of O. faveolata can be seen in Table 20. In winter, two of the six colonies
were dominated by Symbiodinium, while two other colonies were dominated by Durusdinium.
Cladocopium was the dominant symbiont for only one colony. Lastly, one colony, which only had
four samples instead of five because the qPCR analysis failed on the fifth sample, had 75% of the
samples hosting Cladocopium as the dominant symbiont, and one sample hosting Breviolum as the
dominant symbiont. During summer, two colonies were completely dominated by Symbiodinium,
and two colonies were entirely dominated by Cladocopium. Only one colony hosted Durusdinium
as the dominant symbiont. Lastly, unlike the majority of summer colonies which were dominated
by one symbiont, only one colony had four individual samples that were dominated by
Symbiodinium, with one individual sample hosting Cladocopium.
Table 20. The relative dominant symbiont for each individual Orbicella faveolata sample for
winter (n=29) and summer (n=30) 2019 in La Parguera, Puerto Rico (Sym=Symbiodinium,
Bre=Breviolum, Cla=Cladocopium, Dur=Durusdinum).

Colony 1
1
Sym
2
Sym
3
Sym
4
Sym
5
Sym

Colony 2
1
Dur
2
Dur
3
Dur
4
Dur
5
Dur

Colony 7
1
Sym
2
Sym
3
Sym
4
Sym
5
Sym

Colony 8
1
Cla
2
Cla
3
Cla
4
Cla
5
Cla

Winter
Colony 3 Colony 4
1
Cla 1
Bre
2
Cla 2
Cla
3
Cla 3
Cla
4
Cla 4
Cla
5
Cla
Summer
Colony 9 Colony 10
1
Cla 1
Sym
2
Cla 2
Sym
3
Cla 3
Sym
4
Cla 4
Sym
5
Cla 5
Sym
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Colony 5
1
Dur
2
Dur
3
Dur
4
Dur
5
Dur

Colony 6
1
Sym
2
Sym
3
Sym
4
Sym
5
Sym

Colony 11
1
Dur
2
Dur
3
Dur
4
Dur
5
Dur

Colony 12
1
Sym
2
Cla
3
Sym
4
Sym
5
Sym

The prevalence of a dominant symbiont for each O. faveolata colony for winter and
summer 2019, can be observed in Table 21. Observing the dominant symbiont at the colony level,
revealed that the dominant symbiont in February or September, was either Symbiodinium,
Cladocopium, or Durusdinium, never Breviolum.
Table 21. The prevalence of a dominant symbiont for each Orbicella faveolata colony for winter
(n=6) and summer (n=6 different colonies) 2019 in La Parguera, Puerto Rico.
Winter
1 Symbiodinium
2 Durusdinium
3 Cladocopium
4 Cladocopium
5 Durusdinium
6 Symbiodinium
Summer
7 Symbiodinium
8 Cladocopium
9 Cladocopium
10 Symbiodinium
11 Durusdinium
12 Symbiodinium

4.4 Discussion
For O. faveolata, this study supports the intra-colony variation hypothesis that corals have
the ability to host multiple symbiont species, and that the symbiont composition of the same coral
species can be different, even when living in close proximity to each other. Previous work by
LaJeunesse (2002), Finney et al. (2010), and Kemp et al. (2015), established that O. faveolata from
the Florida Keys, the Bahamas, Barbados, Mexico, and Belize, hosted clades A-D, and our
research also confirmed that O. faveolata in southwestern Puerto Rico hosted all four algal genera.
The present study also reinforces previous research indicating that M. cavernosa only hosts
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Cladocopium, all M. cavernosa tissue samples hosted only Cladocopium (LaJeunesse 2002;
Finney et al. 2010; Lesser 2010; Brazeau 2013).
Since different species of Symbiodiniaceae offer various functional traits to the coral, it
would be advantageous for individual corals to host multiple symbiont genera, and for the
symbiont community to fluctuate seasonally. The hypothesis for this study was that there would
be seasonal changes in the dominant symbiont communities for O. faveolata and M. cavernosa,
but this was not the case. While seasonal, natural changes in symbiont communities has been
documented (Jones et al. 2008; Boulotte et al. 2016), and it has been established that one coral
colony can simultaneously host multiple symbiont variants (Mieog et al. 2007), a recent study
discovered that corals living in the Persian Gulf and Oman Sea hosted the same dominant symbiont
genus over the one and a half year study, regardless of the extreme seasonality variation and
bleaching (Howells et al. 2020). Another study also found that there were no significant changes
in the symbiont genera seasonally in Hong Kong, with the corals actually hosting a stable symbiont
population year round (Cai et al. 2018). I found no seasonal difference in the dominant symbiont
population for O. faveolata or M. cavernosa, therefore supporting previous research suggesting
that corals don’t seasonally fluctuate their existing symbiont communities. However, no coral
bleaching was observed during the year of data collection (2019), so future studies should focus
on establishing long-term monitoring sites to assess the seasonal symbiont community dynamics
over multiple years, in order to get a full picture. Sampling a singly, annual “snapshot” of the coral
colony is not enough to fully comprehend the seasonal complex symbiont population structure.
Although M. cavernosa hosted a single algal symbiont, intra-colony variation was observed
in O. faveolata samples. Six O. faveolata colonies hosted more than one symbiont species (Figures
4 and 5). For example, during winter, one colony expressed Symbiodinium as the dominant
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symbiont, but Durusdinium was also detected in two individual samples. Even though Breviolum
was never the dominant symbiont at the colony level, when assessing the individual sample
symbiont community, it revealed that one O. faveolata sample was actually dominated by
Breviolum. During summer, two colonies also hosted multiple partnerships with different
symbiont species. For one colony, all individual samples had Symbiodinium as their dominant
symbiont, but all samples also contained some populations of Durusdinium. These results reinforce
previous work indicating that O. faveolata colonies can be very different in the structure of their
symbiont communities at the individual and colony level, even when living in close proximity to
one another (LaJeunesse 2002; Schwarz et al. 2008; Closek et al. 2014).
In February and September 2019, the average monthly temperature was 26.4°C and 29.7°C
respectively, with the dominant symbiont in O. faveolata colonies being Symbiodinium,
Cladocopium, or Durusdinium. During winter, one-third (33%) of O. faveolata colonies hosted
Symbiodinium as their dominant symbiont at the colony level, and in summer, half of the colonies
hosted Symbiodinium as the dominant symbiont. The relatively proportion amount of
Symbiodinium present in both seasons could be attributed to how the samples were collected, since
Kemp et al. (2015) found that Symbiodinium was present mainly in the tops of the corals, and all
of the samples in this study were collected from the top of the colonies. Another explanation for
the relatively high detection of the genus Symbiodinium, is that since O. faveolata experienced
bleaching stress from the third global bleaching event from 2014-2017, and past research has
shown that in health compromised corals, either from bleaching or disease, that this can lead to
increased levels of Symbiodinium (Baker 2001; Thornhill et al. 2006; Rouze et al. 2016).
Breviolum was never found to be the dominant symbiont at the colony level. This was
surprising, since the study by Kemp et al. (2015) found relatively high proportions of Breviolum
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in O. faveolata in the Florida Keys, Bahamas, Mexico, and Belize, and another study by Green et
al. (2014) also established that O. faveolata is frequently associated with Breviolum in the Gulf of
Mexico. Another possible explanation for the absence of Breviolum, is that Orbicella colonies
containing high abundances of Breviolum were killed off before our sample collection by the stony
coral tissue loss disease (SCTLD) outbreak, which began in the summer of 2014 along the Florida
Reef Tract, and has been spreading around the Caribbean (Aeby et al. 2019). Currently it’s believed
that corals containing Breviolum are more sensitive to the disease (Personal communications, Dr.
Ross Cunning). However, work by Daniels et al. (2015) found that there were few O. faveolataassociated algal symbiont community changes between healthy corals and corals sick with white
plague disease in La Parguera. Additional coral disease research in Puerto Rico is required to assess
for the presence of SCTLD.
Cladocopium was the dominant symbiont at the colony level for one-third of colonies in
winter and summer. It is the most diverse and abundant genus, and these species can adapt to a
wide range of temperatures and light conditions, so it is likely that this genus could be detected in
winter and summer (LaJeunesse et al. 2018). Cladocopium is also able to provide higher rates of
photosynthetically fixed carbon to the host compared to other algal symbiont species (Cantin et al.
2009), and this is important for coral growth and reproduction in O. faveolata (Jones and
Berkelmans 2011), especially since this species has been hit by past stressors, such as bleaching
and hurricanes (Eakin et al. 2018; Reardon 2018). Lastly, Durusdinium was also the dominant
symbiont at the colony level for one-third of winter colonies. However, during summer, only one
colony (~17%) was dominated by Durusdinium, and this was surprising, since the genus
Durusdinium is host to a number of species that are known extremophiles and can survive in
locations with large temperature and turbidity variations, so this genus was expected to increase
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during the summer season (LaJeunesse et al. 2018). The results from this study also contradict
previous work by Kemp et al. (2015) which found that Durusdinium was rare in samples taken
from Mexico and the Bahamas, and not present in the Florida Keys or Belize in O. faveolata.
In conclusion, this case study in La Parguera, Puerto Rico, maintains that O. faveolata hosts
multiple symbiont genera, and M. cavernosa does not (Garren et al. 2006; Cunning et al. 2015).
The number of symbiont genera present in O. faveolata samples/colonies were not different
seasonally, between summer and winter, and symbiont diversity was not higher or lower for a
particular season. Future research should focus on generating more spatial and temporal symbiont
data for Puerto Rico, collecting more individual samples from multiple colonies to further explore
the symbiont community and subclade dynamics for O. faveolata.

4.5 Conclusions
Coral’s symbiotic relationship with dinoflagellate algae in the family Symbiodiniaceae has
contributed to their evolutionary success in oligotrophic waters. High ocean temperatures can
result in the symbioses breaking down, resulting in coral bleaching, or mortality. Recent marine
heatwaves, and the rapid rate of climate change has caused high coral loss worldwide. Some corals
can adjust their symbionts to cope with environmental changes, but the flexibility of coral
symbionts in response to temporal variability is poorly understood. Using high resolution
quantitative PCR, we observed diverse symbiont communities in Orbicella faveolata during in the
winter and summer 2019 in southwestern Puerto Rico, while Montastraea cavernosa exclusively
hosted Cladocopium. The symbiont community of O. faveolata consisted of Symbiodinium,
Breviolum, Cladocopium, and Durusdinium during both seasons. There were no significant
differences in symbiont community structure between winter and summer for either coral species.
These results provide novel symbiont data for O. faveolata and M. cavernosa in southwestern
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Puerto Rico, and also offer further insight into the dynamics of the symbiont community for these
two dominant Caribbean reef building corals.
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Chapter 5. Discussion
5.1 Implications and Applications
I evaluated relationships between temperature collected in situ in coral reefs, the
corresponding sea surface temperature as observed by satellite remote sensing, and the seasonal
(winter and summer) coral-algae symbiont communities in La Parguera, Puerto Rico. Overall, the
results of our case study support the use of any of the three remote sensing SST products evaluated,
after offset correction (~1°C), as providing appropriate surrogates for the temperature regime at
the depth of the corals in La Parguera, Puerto Rico. It is likely that with some adjustment the linear
regression model can provide similar bias correction to other near-shore reef locations around
Puerto Rico. There were strong positive correlations observed between all three satellite SST
datasets and in situ measurements, with no real differences between logger sites and depth, and
this would be expected in such shallow, well-mixed waters. However, a consistent negative (cool)
bias was found between the in situ temperature data and satellite SST datasets during the warmer
months with a closer match between them during the colder months. Future studies should compare
more satellite SST datasets and deploy additional in situ temperature loggers within coral reef
locations around the world.
This work agrees with previous studies in finding that O. faveolata harbors a diverse
symbiont population while M. cavernosa does not (Garren et al. 2006; Cunning et al. 2015).
Ultimately, this research provides novel high-resolution qPCR data for O. faveolata and M.
cavernosa’s seasonal symbiont community populations in La Parguera, Puerto Rico. As ocean
temperatures continue to rise due to climate change, corals will be forced to acclimate, and switch
or shuffle their symbionts to more thermally tolerant species. Forthcoming research should focus
on deploying in situ temperature loggers inside coral reef ecosystems to monitor the temperature
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changes, generate more spatial and temporal symbiont data for Puerto Rico, and collect more
individual samples from multiple colonies to further explore the diverse symbiont community
dynamics for O. faveolata and M. cavernosa.
From the in situ temperature datasets, it was apparent that additional in situ environmental
sensors deployed would have helped explain the microclimate surrounding the coral reef
ecosystems. Since coral reefs are going to continue to be impacted by climate change, and coral
symbiont populations are influenced by other environmental factors besides temperature, future
research should incorporate additional environmental sensors across more sites around corals reefs
worldwide. In addition to monitoring seawater temperature, PAR and salinity sensors should also
be incorporated because both of those variables are known to influence coral health and bleaching
(Brown and Dunne, 2016). Also, instead of just deploying environmental sensors within the coral
reef ecosystem, a vertical profile of sensors should be installed to capture the temperature and
salinity gradient (Figure 43).
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Figure 43. Diagram of a future set-up for characterization of temperature, salinity, and light at
different depths around a coral reef ecosystem. Each station consists of a mooring buoy supporting
monitoring of temperature, light, and salinity along a vertical profile. At the seafloor, several
temperature and light sensors would be deployed to further characterize the microclimate in the
reef biome.

5.2 Social Relevance of this Research
The coral reefs surrounding the island of Puerto Rico are extremely important to Puerto
Rican society because they are the island’s first line of defense against hurricanes and contribute
greatly to the economy in the forms of tourism and fishing. Puerto Rico’s project called, “Puerto
Rico Coral Ecosystem Valuation,” released a report in 2018 stating that tourist visiting Puerto Rico
for the coral reefs spend over $1.9 billion annually, spending most of their money on lodging,
food, and transportation. Puerto Rico is home to some of the world’s most pristine reefs, with the
Reserva Natural La Parguera, located close to the town of Lajas, boasting ‘The Wall,’ which is a
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22-mile coral reef wall that is incredibly healthy, beautiful, and provides habitat to thousands of
marine species (Winter et al. 1998; Bejarano et al. 2014).
Coral reefs in La Parguera are experiencing coral bleaching and destruction from
hurricanes because of climate change (Eakin et al. 2018). Coral managers rely on satellite-based
SST data to monitor coral reefs because extensive in situ monitoring is both costly and time
consuming. However, there are no case studies from La Parguera to assess how well the satellitebased SST reflect the temperature regime surrounding the corals at depth. This dissertation
research addressed that problem, by providing novel in situ temperature data around the coral reefs
in La Parguera and comparing those data against three satellite-based SST datasets. With these
results, coral reef managers in La Parguera can now better understand how satellite-based SST
datasets represent the temperature at the depth of the reefs and try monitor them more efficiently
since they are so vital for Puerto Rico’s economy. These results will also help coral nurseries in
La Parguera further understand the temperature regime, as well as the symbiont community in O.
faveolata and M. cavernosa, which is crucial since the coral symbionts play a big role in regulating
the corals thermal tolerance.

5.3 Future Outlook for Coral Reefs under a Changing Climate
The ocean is crucial for all facets of human welfare and is home to millions of species. A
large portion of the ocean remains unexplored, with 91% of marine species still awaiting to be
discovered (Mora et al. 2011; Deacon et al. 2013). Human activities are releasing unprecedented
amounts of carbon dioxide emissions into the atmosphere, which are causing ocean warming,
acidification, anoxic zones, and loss of marine ecosystems. This human-driven global change is
occurring faster than species can adapt, and has started the sixth mass extinction, with 52% of
global diversity declining between 1970 and 2010 (WWF 2014). The International Panel on
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Climate Change (IPCC) offers estimations and associated reservations of future carbon dioxide
concentrations and temperatures, including different scenarios in the form of representative
concentration pathways (RCP). The RCP2.6 scenario is the most ambitious and optimistic one,
with rapid carbon dioxide reductions taking place to achieve net-zero greenhouse gas emissions
by the year 2080, which is in accordance with the Paris Agreement. In the RCP2.6, the atmospheric
carbon dioxide would be reduced to between 144 and 195ppm (VanVuuren et al. 2011). At present,
carbon dioxide levels are at an astounding 412 ppm (co2.earth). There are two moderate RCP4.5
and 6 scenarios, and then the business as usual (RCP8.5), based on the total absence of any reduced
carbon dioxide emissions.
Global mean temperatures and ocean surface temperatures are expected to increase by 2100
(Figure 44). The IPCC 2019 special report on the oceans and cryosphere states that if low
emissions continue (RCP2.6), by 2100 the ocean is likely to warm by 2 to 4 times as much, and as
much as 5 to 7 times for the high emission scenario (RCP8.5). The IPCC report also states that
even if global warming remains below 2°C, almost all the world’s reefs will be degraded from
their current state, and the shallow reef communities will be different in their composition and
diversity. The ocean temperature affects all marine organisms, and changes in temperature will
cause populations of species to shift towards cooler locations (poleward), introduce invasive
species, and alter migration patterns.
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Figure 44. IPCC report projecting future surface air and sea surface temperatures for 2100 (IPCC
Ocean and Cryosphere Special Report, Sept. 2019).
Climate change threatens to increase the frequency of severe coral reef bleaching as a result
of increased ocean temperatures. While it is known that corals can recover from single, isolated
bleaching events that occur years apart, it is not known if they can survive and acclimate to
successive, annual bleaching. The 2014-2017 global coral bleaching event offered a glimpse into
coral’s survival ability with multiple years boasting the hottest sea surface temperatures on record,
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and the result was many reefs experienced back-to-back bleaching, ending in mass coral mortality
(Hughes et al. 2018). When corals experience bleaching, this also allows for other anthropogenic
pressures like overfishing and pollution, to cause further harm and coral fatality (Brodie and
Pearson, 2016). Unfortunately, some scientists predict that bleaching could become an annual
event for 90% of all tropical reefs by 2055, under RCP8.5, which best characterizes current
greenhouse gas emission conditions (Hooidonk et al. 2014). A more recent paper predicts that
under RCP8.5, annual severe bleaching could even start occurring by 2043 in 99% of the world’s
reefs (van Hooidonk et al. 2016). Even under the optimistic RCP4.5 scenario, 75% of all reefs are
still expected to experience annual bleaching before 2070 (Figure 45; van Hooidonk et al. 2016).
However, it is important to note that most models do not incorporate possible adaptive
response from the corals (e.g., symbiont shuffling, evolutionary adaptation), and that more
bleaching datasets and observations are needed to truly predict the future of coral reefs (Logan et
al. 2014). It is also important to know the historical thermal history of coral reef locations, because
it is hypothesized that future heat stress is less likely to affect reef locations subject to high
historical temperature variability (Carilli et al. 2012). However, it was found that even though the
Great Barrier Reef experienced past bleaching in 1998 and 2002, it did not reduce the impact of
bleaching in 2016, so clearly more research is needed to understand the relationship between past
thermal histories and reefs’ susceptibility to bleaching (Hughes et al. 2017). Further work is also
needed to understand how and why some coral colonies are more resilient to heat stress than others,
because this information could be crucial for saving coral species that are more prone to thermal
stress.
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Figure 45. Projections for the world’s corals showing the timing of the onset of annual severe
bleaching (ASB) conditions under the global climate models (a) and averaged for RCP4.5 –
RCP8.5 conditions (Hooidonk et al. 2016).
While the future appears bleak for most coral reefs, corals are capable of adapting, and
have existed for 500 million years (LaJeunesse et al. 2018). Corals can adapt to elevated
temperatures in four different ways. First, they could shuffle symbionts and obtain more heattolerant genotypes. Secondly, they could make themselves (the host) more thermally tolerant by
physiological acclimation, such as by increasing photoprotective proteins and antioxidants.
Thirdly, natural selection will act on the host and its symbionts, and the more heat tolerant
genotypes will survive. Finally, whole-community shifts to more heat tolerant species could occur,
resulting in the coral community composition being dominated by those more prone to succeed in
elevated temperatures (Logan et al. 2014). Realistically, coral reefs will likely persist into the

90

future under most climate change scenarios, but they will be different from reefs today, and won’t
provide the same ecosystem services (Lachs and Oñate-Casado, 2020).
With 1°C of global warming up to now, 94% of reefs have experienced bleaching since
1980 (Hughes et al. 2018). To help corals combat increasing temperatures, scientists have
proposed a variety of methods, including increased marine protected areas to decrease local
stressors (e.g., overfishing, disease), marine bioengineering (e.g., coral gardening/nurseries,
assisted migration, and in vivo breeding of thermally tolerant corals), and geoengineering (e.g.,
underwater fans, shading coral, solar radiation management; Lachs and Oñate-Casado, 2020).
Future coral conservation research has also been focused on improved satellite SST datasets. Even
though CRW data is widely used by coral managers to predict coral bleaching, the current CRW
bleaching products are limited by using just temperature, and have been known to inaccurately
predict bleaching and create false alarms. To combat this challenge, CRW has been working on a
new product, called Light Stress Damage, and the new algorithm incorporates light and
temperature data (Skirving et al. 2018). NESDIS is also working on producing a 1km SST dataset,
and incorporating microwave data products from the Global Change Observation Mission for
Water-1 (GCOM-W1) AMSR-2 instrument to help improve the resolution in locations where there
is always cloud contamination. NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem (PACE)
mission expected to launch in 2022 has also partnered with the Coral Reef Airborne Laboratory
(CORAL) mission, which uses the Portable Remote Imaging Spectrometer (PRISM) to map coral
reef ecosystems and make improved future predictions of this worldwide ecosystem (Gorman et
al. 2019; Garcia et al. 2018).
Genome editing tools are also being explored to make corals more thermally tolerant. Now
that there is a better understanding regarding the roles of particular genes and molecular pathways,
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marine bioengineering efforts to genetically modify corals to increase their thermal tolerance is a
major area of research. A study by Cleves et al. (2018) demonstrated the first successful genome
editing of Acropora millepora using CRISPR/Cas9 to target three genes. Successful gene editing
of corals will allow for testing of hypotheses about the genes and molecular pathways that regulate
key processes such as symbiont selection, metabolic exchange, and local adaption, which are all
key fundamentals for coral conservation efforts (Cleves et al. 2018). Future coral research should
focus on coral genomics, and understanding which genes and pathways play a role in coral stress
response and bleaching (Figure 46). However, lab-bred super coral or the creation of new coral
strains raises new ethical challenges and uncertainties in ecosystem responses (Wolfenbarger and
Phifer, 2000).

Figure 46. Corals health and resistance depends on the environment, coral host, and microbiome
(Planes et al. 2019).
While coral conservation and restoration projects are important, the underlying causes
driving these projects remains largely unaddressed. The fundamental problem is that burning fossil
fuels causes unprecedented carbon dioxide emissions in the atmosphere. Many nations are
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currently following a business as usual scenario (RCP8.5), despite scientific projections of future
climate change scenarios, and that will ultimately destroy most of the world’s reefs by mid-century
even if local stressors are decreased (IPCC 2018). Governments are deploying placebo policies to
tackle climate change because they are low political risk and cost, and make the government appear
to be taking action, instead of attempting to undertake the controversial, larger problem on climate
mitigation. For example, the Australian government funded US $65 million towards restoration of
the Great Barrier Reef after the record-breaking temperatures caused mass mortality in 2016 and
2017, but at the same time they subsidized further money to explore the expansion of fossil fuels
(McConnell 2019). Rather than focusing on coral conservation or restoration, the real challenge to
save coral reefs is decarbonization (Bernstein and Hoffmann, 2019). Ultimately, even with
technological progress in remote sensing and biological advancements, coral reefs can only be
saved by reducing global carbon dioxide emissions.

93

Appendix
Assessing for Symbionts in the Open Environment
As part of this dissertation project, water samples were collected in La Parguera at varying
depths to assess if we could use qPCR to identify any coral symbionts in the open environment.
Unfortunately, no symbionts were detected (winter and summer 2019). Below is the protocol used
for the experiment.

Methods
The goal was to assess if we could detect coral symbionts in the open water surrounding
corals using qPCR. Water samples were taken at different depths from Cayo Enrique, to assess the
symbiotic community in the open environment. Using SCUBA, one liter of was taken at 40ft, one
liter of water was taken at 23ft, and one liter was taken at 8ft, in February and September 2019.
Sterile, collapsible Nalgene bottles were used, and the samples were taken by colonies of coral.
Water samples were taken back to the lab at UPR, and filtered across a 0.2um nylon membrane
filter using a vacuum pump (Figure 47). The filter was then removed and placed in a cryovial, and
then shipped back to CCNY on dry ice, where it was store in a -80 freezer until DNA extraction.
To begin the DNA extraction, the membrane filter was left in the cryovial, and Pro-K was directly
added to it, and then the supernatant was extracted, and the organic extraction protocol described
previously (Baker and Cunning 2013) was followed. Finally, qPCR was run, screening for
Symbiodinium, Breviolum, Cladocopium, and Durusdinium. Nothing amplified in any of the water
samples, indicating that there were no symbionts present in the water samples.
Future research should collect larger samples of water (> 1 liter) to assess for symbionts in
the open environment, and screen for more symbiont species. Another idea would be to keep a
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pump on the boat and run a long tube to the desired depth (with SCUBA), then measure the volume
that has passed through the pump/filter.

Figure 47. The water filtration setup.
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